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(57) ABSTRACT

A method for machine learning based artifact rejection is
provided. The method may include applying a machine
learning model to identify artefactual independent compo-
nents in transcranial magnetic stimulation electroencepha-
logram data collected during a transcranial magnetic stimu-
lation procedure. Clean transcranial magnetic stimulation
electroencephalogram data is generated by removing, from
the transcranial magnetic stimulation electroencephalogram
data, the artefactual independent components. Real-time
adjustments to parameters of the transcranial magnetic
stimulation procedure may be performed based on the clean
transcranial magnetic stimulation electroencephalogram
data. Related systems and articles of manufacture, including
computer program products, are also provided.
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MACHINE LEARNING BASED ARTIFACT
REJECTION FOR TRANSCRANIAL
MAGNETIC STIMULATION
ELECTROENCEPHALOGRAM

CROSS REFERENCE TO RELATED
APPLICATION

[0001] This application claims priority to U.S. Provisional
Application No. 62/436,249, filed on Dec. 19, 2016 and
entitted AUTOMATED ARTIFACT REJECTION FOR
TRANSCRANIAL MAGNETIC STIMULATION ELEC-
TROENCEPHALOGRAM DATA, the disclosure of which
is incorporated herein by reference in its entirety.

FIELD

[0002] The subject matter described herein relates gener-
ally to signal processing and more specifically to the rejec-
tion of artifacts from electroencephalogram signals associ-
ated with the application of transcranial magnetic
stimulation.

BACKGROUND

[0003] Transcranial magnetic stimulation (TMS) is a non-
invasive procedure during which a magnetic field generator
(e.g., a coil) may be positioned near the head of a subject
such that the magnetic field generated by the coil induces
corresponding electrical currents in a region of the subject’s
brain directly beneath the coil. For single pulse transcranial
magnetic stimulation (spTMS), the transcranial magnetic
stimulation may be administered to the subject a single
stimulus (e.g., magnetic pulse) at a time. However, the
stimulus for transcranial magnetic stimulation may also be
applied in multiples (e.g., in pairs and/or in trains) during
other types of transcranial magnetic stimulation procedure
such as, for example, paired-pulse transcranial magnetic
stimulation (ppTMS), repetitive transcranial magnetic
stimulation (rTMS), and/or the like. The transcranial mag-
netic stimuli may cause, in the brain’s neural signalling
activities, a localized change that is capable of triggering a
broader change in the neural signalling activities throughout
the brain as a whole.

SUMMARY

[0004] In one aspect, there is provided a method for
machine learning based artifact rejection. The method may
include: applying a machine learning model to identify one
or more artefactual independent components comprising
transcranial magnetic stimulation electroencephalogram
data collected during a transcranial magnetic stimulation
procedure; generating clean transcranial magnetic stimula-
tion electroencephalogram data by at least removing, from
the transcranial magnetic stimulation electroencephalogram
data, the one or more artefactual independent components;
and performing, based at least on the clean transcranial
magnetic stimulation electroencephalogram data, adjust-
ments to one or more parameters of the transcranial mag-
netic stimulation procedure.

[0005] In some variations, one or more features disclosed
herein including the following features can optionally be
included in any feasible combination. The machine learning
model may be a classifier. The machine learning model may
be a Fisher linear discriminant analyzer. The transcranial
magnetic stimulation electroencephalogram data may be
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decomposed into a plurality of independent components.
Each of the plurality of independent components may be one
of a plurality of non-Gaussian signals forming a multivariate
signal corresponding to the transcranial magnetic stimula-
tion electroencephalogram data. The transcranial magnetic
stimulation electroencephalogram data may be preprocessed
prior to being decomposed into the plurality of independent
components.

[0006] In some variations, the preprocessing may include
removing a portion of the transcranial magnetic stimulation
electroencephalogram data that is recorded subsequent to the
administration of one or more transcranial magnetic stimuli.
The removed portion of the transcranial magnetic stimula-
tion electroencephalogram data may be a 10-millisecond
segment of the transcranial magnetic stimulation electroen-
cephalogram data that is recorded subsequent to the admin-
istration of the one or more transcranial magnetic stimuli.
[0007] In some variations, the preprocessing may further
include filtering the transcranial magnetic stimulation elec-
troencephalogram data to remove spectrally irrelevant tran-
scranial magnetic stimulation electroencephalogram data.
The filtering of the transcranial magnetic stimulation elec-
troencephalogram data may include applying a high-pass
filter to at least remove low frequency transcranial magnetic
stimulation electroencephalogram data associated with slow
drifts. The high-pass filter may be a 0.01 Hertz zero-phase
infinite impulse filter. The filtering of the transcranial mag-
netic stimulation electroencephalogram data may include
applying a multi-taper regression technique to at least iden-
tify, via a Thompson F-statistic, high frequency transcranial
magnetic stimulation electroencephalogram data associated
with alternating current line noise.

[0008] In some variations, the preprocessing may further
include epoching the transcranial magnetic stimulation elec-
troencephalogram data and/or re-referencing the transcranial
magnetic stimulation electroencephalogram data with
respect to a common average.

[0009] In some variations, a feature vector corresponding
to an independent component from a plurality of indepen-
dent components comprising the transcranial magnetic
stimulation electroencephalogram data may be generated.
The machine learning model may be trained to determine,
based on the feature vector associated with the independent
component, whether the independent component is artefac-
tual or non-artefactual. The machine learning model may be
trained based at least on training data including one or more
independent components having known classifications as an
artefactual independent component and/or a non-artefactual
independent components.

[0010] In some variations, the feature vector may include
a spatial range feature corresponding to an absolute differ-
ence between a maximum and minimum voltage differential
present in a scalp map associated with the independent
component.

[0011] In some variations, the feature vector may include
a regional activation feature corresponding to an absolute
value of an average voltage differential recorded within one
or more specific regions of a scalp map associated with the
independent component. The one or more specific regions
may include a central, frontal, occipital and/or temporal
region of a brain.

[0012] In some variations, the feature vector may include
a border activation feature corresponding to whether an
electrode recording the highest voltage differential in a scalp
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map associated with the independent component is located
on a border of the scalp map.

[0013] In some variations, the feature vector may include
a horizontal eye movement feature corresponding to a result
of a comparison between a scalp map associated with the
independent component and a template scalp map associated
with horizontal eye movement, the result of the comparison
comprising an absolute correlation coefficient indicative of
a degree of correspondence between the scalp map of the
independent component and the template scalp map for
horizontal eye movement.

[0014] In some variations, the feature vector may include
an eye blinking feature corresponding to a result of a
comparison between a scalp map associated with the inde-
pendent component and a template scalp map associated
with eye blinking movements, the result of the comparison
comprising an absolute correlation coefficient indicative of
a degree of correspondence between the scalp map of the
independent component and the template scalp map for eye
blinking movements. The eye blinking movement may
include transcranial magnetic stimulation-evoked eye blink-
ing movements and/or voluntary eye blinking movements.

[0015] In some variations, the feature vector may include
an electrocardiogram artifact feature corresponding to a
result of a comparison between a scalp map associated with
the independent component and a plurality of template scalp
maps associated with cardiac contractions, the electrocar-
diogram artifact feature being a value indicating whether a
maximum cotrelation coefficient of the comparison between
the scalp map for the independent component and the
plurality of template scalp maps exceeds a threshold value.

[0016] In some variations, the feature vector may include
an electrocardiogram temporal feature corresponding to
whether a number of peaks present in the independent
component exceeds a threshold value. The independent
component may be decomposed by at least applying a
Daubechies least-asymmetric wavelet, the decomposing of
the independent component enabling peak detection to be
performed in a wavelet domain instead of a time domain.

[0017] In some variations, the feature vector may include
a source activity features corresponding to a complexity of
a source pattern associated with the independent component.

[0018] In some variations, the feature vector may include
a maximum magnitude feature corresponding to a maximum
voltage differential that is recorded across a plurality of trials
of transcranial magnetic stimuli that are administered during
the transcranial magnetic stimulation procedure. Each trial
of transcranial magnetic stimuli may include an administra-
tion of a single transcranial magnetic stimulation pulse, a
pair of transcranial magnetic stimulation pulses, or a train of
transcranial magnetic stimulation pulses.

[0019] In some variations, the feature vector may include
a short-time magnitude feature corresponding to one or more
transcranial magnetic stimulation-evoked potential peaks
present in the independent component. The one or more
transcranial magnetic stimulation-evoked potential peaks
may be identified by at least determining a mean magnitude
of voltage differentials recorded over a plurality of time
windows. The plurality of time windows may include a 0-60
millisecond time window, a 60-120 millisecond time win-
dow, and/or a 140-220 millisecond time window.

[0020] In some variations, the feature vector may include
a skewness feature corresponding to a measure of asymme-
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try in a probability distribution of transcranial magnetic
stimulation electroencephalogram data.

[0021] In some variations, the feature vector may include
a band-power feature corresponding to a band-power for a
theta band between 4 Hertz and 7 Hertz, an alpha band
between 8 Hertz and 12 Hertz, a beta band between 13 Hertz
and 30 Hertz, and/or a gamma band between 31 Hertz and
50 Hertz.

[0022] In some variations, the feature vector may include
a first electroencephalogram spectral feature corresponding
to a mean fit error between an actual spectrum of the
independent component and a fitted shape of an electroen-
cephalogram spectrum within an alpha band.

[0023] In some variations, the feature vector may include
a first electroencephalogram spectral feature corresponding
to a value of a parameter b in the following equation:

a
y:F+c(b>0).

[0024] Implementations of the current subject matter can
include, but are not limited to, methods consistent with the
descriptions provided herein as well as articles that comprise
a tangibly embodied machine-readable medium operable to
cause one or more machines (e.g., computers, etc.) to result
in operations implementing one or more of the described
features. Similarly, computer systems are also described that
may include one or more processors and one or more
memories coupled to the one or more processors. A memory,
which can include a non-transitory computer-readable or
machine-readable storage medium, may include, encode,
store, or the like one or more programs that cause one or
more processors to perform one or more of the operations
described herein. Computer implemented methods consis-
tent with one or more implementations of the current subject
matter can be implemented by one or more data processors
residing in a single computing system or multiple computing
systems. Such multiple computing systems can be connected
and can exchange data and/or commands or other instruc-
tions or the like via one or more connections, including but
not limited to a connection over a network (e.g. the Internet,
a wireless wide area network, a local area network, a wide
area network, a wired network, or the like), via a direct
connection between one or more of the multiple computing
systems, etc.

[0025] The details of one or more variations of the subject
matter described herein are set forth in the accompanying
drawings and the description below. Other features and
advantages of the subject matter described herein will be
apparent from the description and drawings, and from the
claims. While certain features of the currently disclosed
subject matter are described for illustrative purposes in
relation to web application user interfaces, it should be
readily understood that such features are not intended to be
limiting. The claims that follow this disclosure are intended
to define the scope of the protected subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

[0026] The accompanying drawings, which are incorpo-
rated in and constitute a part of this specification, show
certain aspects of the subject matter disclosed herein and,
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together with the description, help explain some of the
principles associated with the disclosed implementations. In
the drawings,

[0027] FIG. 1 depicts a transcranial magnetic stimulation
electroencephalogram system, in accordance with some
example embodiments;

[0028] FIG. 2 depicts neural and non-neural components
of transcranial magpetic stimulation electroencephalogram
data, in accordance with some example embodiments;
[0029] FIG. 3A depicts a template scalp map associated
with horizontal eye movements, in accordance with some
example embodiments;

[0030] FIG. 3B depicts a template scalp map associated
with blinking movements, in accordance with some example
embodiments;

[0031] FIG. 3C depicts a collection of template scalp maps
associated with cardiac contractions, in accordance with
some example embodiments;

[0032] FIG. 3D depicts results from peak detection in the
wavelet domain and the time domain, in accordance with
some example embodiments;

[0033] FIG. 3E depicts spectral features associated with
transcranial magnetic stimulation electroencephalogram
data, in accordance with some example embodiments;
[0034] FIG. 4A depicts a flowchart illustrating a process
for training a machine learning model to perform artifact
rejection, in accordance with some example embodiments;
[0035] FIG. 4B depicts a flowchart illustrating a process
for artifact rejection, in accordance with some example
embodiments;

[0036] FIGS. 5A-D depict transcranial magnetic stimula-
tion electroencephalogram data that has been subject to
machine learning based artifact rejection, in accordance with
some example embodiments;

[0037] FIG. 6A depicts a table illustrating the classifica-
tion accuracies, in accordance with some example embodi-
ments;

[0038] FIG. 6B depicts a table illustrating the classifica-
tion accuracies, in accordance with some example embodi-
ments;

[0039] FIG. 7 depicts a block diagram illustrating a com-
puting system, in accordance with some example embodi-
ments.

[0040] When practical, similar reference numbers denote
similar structures, features, or elements.

DETAILED DESCRIPTION OF THE
INVENTION

[0041] Electroencephalogram (EEG) may be used to mea-
sure a brain’s responses to one or more stimuli applied
during a transcranial magpetic stimulation (transcranial
magnetic stimulation) procedure. A typical electroencepha-
logram device may include a plurality of electrodes, which
may be placed along the surface of the scalp and/or
implanted beneath the scalp to record electrical activities
within the brain. While transcranial magnetic stimulation
may be an effective diagnostic and treatment tool for various
disorders (e.g., depression, post traumatic stress disorder
(PTSD), neuropathic pain), electroencephalogram measure-
ments of the brain’s immediate responses to one or more
transcranial magnetic stimuli may provide real-time guid-
ance during a transcranial magnetic stimulation procedure.
For example, transcranial magnetic stimulation parameters
including, for example, stimulation duration, stimulation
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frequency, stimulation magnitude, stimulation area, time
interval between stimuli, and/or the like may be adjusted in
real time based on the brain’s responses to one or more
transcranial magnetic stimuli. However, electroencephalo-
gram data associated with transcranial magnetic stimulation
(henceforth transcranial magnetic stimulation electroen-
cephalogram data) tends to include a variety of artifacts that
can skew subsequent analysis of the data. For instance,
transcranial magnetic stimulation electroencephalogram
data may include artifacts arising from the transcranial
magnetic stimulus itself, subject motion (e.g., scalp muscle
activation, eye blinks), coil clicks, coil recharge, and/or the
like. As such, in some example embodiments, a transcranial
magnetic stimulation electroencephalogram system may be
configured to remove artifacts from transcranial magnetic
stimulation electroencephalogram data.

[0042] Insome example embodiments, a machine learning
based technique for detecting and/or removing artifacts from
transcranial magnetic stimulation electroencephalogram
data may eliminate the inconsistencies that are typically
associated with manual artifact rejection. For example,
manual artifact rejection may rely on subjective judgments,
which tend to vary from one technician to another. As such,
the results for manual artifact rejection may be inconsistent.
Moreover, manual ratification rejection is a time consuming
process, which may prevent transcranial magnetic stimula-
tion electroencephalogram data from being used for real-
time guidance of transcranial magnetic stimulation proce-
dures. That is, transcranial magnetic stimulation
electroencephalogram data collected during a transcranial
magnetic stimulation procedure cannot be manually pro-
cessed fast enough for clean transcranial magnetic stimula-
tion electroencephalogram data to be available during the
transcranial magnetic stimulation procedure. As used herein,
clean transcranial magnetic stimulation electroencephalo-
gram data may refer to transcranial magnetic stimulation
electroencephalogram data that has been subject to artifact
rejection and is therefore free from various artifacts.

[0043] By contrast, machine learning based artifact rejec-
tion may generate clean transcranial magnetic stimulation
electroencephalogram data at sufficient speed for clean
transcranial magnetic stimulation electroencephalogram
data to be available during the transcranial magnetic stimu-
lation procedure. This clean transcranial magnetic stimula-
tion electroencephalogram data, which may be more con-
sistent than clean transcranial magnetic stimulation
electroencephalogram data generated through manual arti-
fact rejection, may be used to adjust the parameters of the
transcranial magnetic stimulation procedure. For example,
stimulation duration, stimulation frequency, stimulation
magnitude, stimulation area, and/or time interval between
stimuli may be changed, in real-time, based on the clean
transcranial magnetic stimulation electroencephalogram
data generated through machine learning based artifact
rejection.

[0044] In some example embodiments, a transcranial mag-
netic stimulation electroencephalogram system may be con-
figured to administer one or more types of transcranial
magnetic stimulation procedures including, for example,
single-pulse transcranial magnetic stimulation (spTMS),
paired-pulse transcranial magnetic stimulation (ppTMS),
repetitive transcranial magnetic stimulation (rTMS), and/or
the like. Moreover, the transcranial magnetic stimulation
electroencephalogram system may be configured to collect,
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during a transcranial magnetic stimulation treatment, corre-
sponding transcranial magnetic stimulation electroencepha-
logram data indicative of a subject’s responses to the tran-
scranial magnetic stimuli that is being administered to the
subject. According to some example embodiments, the tran-
scranial magnetic stimulation electroencephalogram system
may perform artifact rejection to remove, from the transcra-
nial magnetic stimulation electroencephalogram data, arti-
facts originating from a variety of artefactual sources includ-
ing, for example, the transcranial magnetic stimuli, subject
motion (e.g., scalp muscle activation, eye blinks), coil
clicks, coil recharge, and/or the like.

[0045] In order to remove artifacts from transcranial mag-
netic stimulation electroencephalogram data, the transcra-
nial magnetic stimulation electroencephalogram system may
decompose transcranial magnetic stimulation electroen-
cephalogram data, which may be preprocessed (e.g., to
remove transcranial magnetic stimulation artifacts and/or
spectrally irrelevant artifacts), into a plurality of indepen-
dent components (ICs). As used herein, an “independent
component” may be one of the many independent non-
Gaussian signals that form a multivariate signal correspond-
ing to the transcranial magnetic stimulation electroencepha-
logram data. Fach independent component may originate
from a single source, which may be artefactual or non-
artefactual.

[0046] The transcranial magnetic stimulation electroen-
cephalogram system may apply one or more machine learn-
ing models (e.g., a classifier including, for example, a Fisher
linear discriminant analysis classifier and/or the like) trained
to identify artefactual independent components amongst the
plurality of independent components. The artefactual inde-
pendent components may be removed and the resulting
clean transcranial magnetic stimulation electroencephalo-
gram data may be used to provide real-time guidance during
a transcranial magnetic stimulation procedure. For instance,
the transcranial magnetic stimulation electroencephalogram
system may perform, based on the clean transcranial mag-
netic stimulation electroencephalogram data, real-time
adjustments to one or more treatment parameters including,
for example, treatment duration, stimulation frequency,
stimulation magnitude, stimulation area, time interval
between stimuli, and/or the like.

[0047] FIG. 1 depicts a transcranial magnetic stimulation
electroencephalogram system 100, in accordance with some
example embodiments. Referring to FIG. 1, the transcranial
magnetic stimulation electroencephalogram system 100 may
include a transcranial magnetic stimulation device 110, an
electroencephalogram device 120, and a controller 130. As
shown in FIG. 1, the controller 130 may be coupled to the
transcranial magnetic stimulation device 110 and the elec-
troencephalogram device 120. For instance, the controller
130 may receive, from the electroencephalogram device
120, transcranial magnetic stimulation electroencephalo-
gram data corresponding to a subject’s responses to one or
more transcranial magnetic stimuli administered by the
transcranial magnetic stimulation device 110 during a tran-
scranial magnetic stimulation procedure.

[0048] The controller 110 may be configured to perform
artifact rejection to remove, during the transcranial magnetic
stimulation procedure, artifacts from the transcranial mag-
netic stimulation electroencephalogram data. Moreover, the
controller 110 may perform, based on the resulting clean
transcranial magnetic stimulation electroencephalogram
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data, real-time adjustments to the parameters of the tran-
scranial magnetic stimulation procedure. It should be appre-
ciated that the controller 130 may be coupled to the tran-
scranial magnetic stimulation device 110 and the
electroencephalogram device 120 via any wired and/or
wireless connections including, for example, over a network
140. The network 140 may be any wired and/or wireless
network including, for example, a public land mobile net-
work (PLMN), a local area network (LAN), a virtual local
area network (VLAN), a wide area network (WAN), the
Internet, and/or the like.

[0049] In some example embodiments, the transcranial
magnetic stimulation device 110 may include a coil 115,
which may serve as a magnetic field generator. During a
transcranial magnetic stimulation treatment, the coil 115
may be positioned near the head of a subject and may
generate one or more magnetic pulses that induce corre-
sponding electrical currents in a region of the subject’s brain
directly beneath the coil 115. The effects of these electrical
currents in stimulating the subject’s brain may serve diag-
nostic and/or therapeutic purposes. For instance, changes in
a subject’s behaviors subsequent to the application of one or
more transcranial magnetic stimuli to a specific site of the
subject’s brain may indicate a causal link between that site
and certain behaviors. Alternately and/or additionally, tran-
scranial magnetic stimuli may improve and/or relieve symp-
toms associated with a variety of disorders including, for
example, depression, post traumatic stress disorder (PTSD),
neuropathic pain.

[0050] The transcranial magnetic stimulation device 110
may be configured to administer one or more types of
transcranial magnetic stimulation procedures including, for
example, single pulse transcranial magnetic stimulation,
paired pulse transcranial magnetic stimulation, repetitive
transcranial magnetic stimulation, and/or the like. As such,
the coil 115 may be configured to deliver, to a subject, a
single, a pair, and/or a train of transcranial magnetic stimuli
(e.g., magnetic pulses) at a time. As used herein, a “trial”
may refer to the single, pair, and/or train of transcranial
magnetic stimuli that is administered to the subject at a time.
It should be appreciated that single transcranial magnetic
stimulation procedure or session may include the adminis-
tration of any number of trials of transcranial magnetic
stimuli.

[0051] In some example embodiments, the electroen-
cephalogram device 120 may include a plurality of elec-
trodes including, for example, a first electrode 122, a second
electrode 124, and a third electrode 126. The plurality of
electrodes (e.g., the first electrode 122, the second electrode
124, and the third electrode 126) may be configured to
measure electrical activities within the brain of a subject. To
do so, the electrodes may be placed along the surface of the
scalp of the subject and/or implanted beneath the scalp.
According to some example embodiments, the electroen-
cephalogram device 120 may be configured to measure
electrical activities that have been triggered by one or more
transcranial magnetic stimuli (e.g., administered by the
transcranial magnetic stimulation device 110). Referring
again to FIG. 1, the first electrode 122 may serve as a
reference electrode while the second electrode 124 and/or
the third electrode 126 may each serve as a recording
electrode.

[0052] As used herein, a “channel” may refer to the
recorded voltage differential between a reference electrode
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and a recording electrode. For instance, the electroencepha-
logram device 120 may provide a first channel that records
the voltage differential between the first electrode 122 and
the second electrode 124 as well as a second channel that
records the voltage differential between the first electrode
122 and the third electrode 126. The voltage differential
recorded at every channel (e.g., the first channel and the
second channel) of the electroencephalogram device 120 at
a particular point in time t, may be mapped to a correspond-
ing scalp map showing a spatial distribution of the voltage
differentials measured across the entire scalp of the subject
at that particular time t,. Meanwhile, the waveform associ-
ated with a particular channel (e.g., the first channel or the
second channel) may reflect the temporal distribution of
voltage differentials over that channel across a certain period
of time. A montage may refer to a collection of waveforms
that may include the waveforms of every channel (e.g., the
first channel and the second channel) present in electroen-
cephalogram device 120.

[0053] FIG. 2 depicts neural and non-neural components
of transcranial magnetic stimulation electroencephalogram
data, in accordance with some example embodiments.
Referring to FIG. 2, scalp maps showing the activation of
various electrodes as well as the magnitudes of the voltage
differential recorded at each electrode are shown in column
A. The corresponding montages for the voltage differentials
that are recorded at each electrode (e.g., in the electroen-
cephalogram device 120) over a time period of -400 milli-
second to 800 millisecond are shown in column B. It should
be appreciated that at one or more transcranial magnetic
stimuli may be administered (e.g., by the transcranial mag-
netic stimulation device 110) at 0 ms. The different scalp
maps and montages respectively depict the spatial and
temporal distribution of voltage differentials recorded at
each electrode (e.g., in the electroencephalogram device
120). These voltage differentials may arise from a plurality
of different artefactual and non-artefactual sources. For
instance, FIG. 2 shows the scalp map and montages asso-
ciated with two neural sources (e.g., neural 1 and neural 2)
as well as artefactual sources including, for example, subject
eye blink, cardiac contractions, horizontal eye movement,
high-frequency muscle movements, transcranial magnetic
stimulation-evoked muscle movements, and/or the like.

[0054] In some example embodiments, the controller 130
may be configured to control the operations of the transcra-
nial magnetic stimulation device 110 including by perform-
ing real-time adjustments to one or more transcranial mag-
netic stimulation parameters including, for example,
stimulation duration, stimulation frequency, stimulation
magnitude, stimulation area, time interval between stimulj,
and/or the like. As shown in FIG. 1, the controller 130 may
include a transcranial magnetic stimulation electroencepha-
logram data processor 135A and a machine learning engine
135B.

[0055] The transcranial magnetic stimulation electroen-
cephalogram data processor 135A may be configured to
perform machine learning based artifact rejection to remove,
from the transcranial magnetic stimulation electroencepha-
logram data collected by the electroencephalogram device
120, one or more artifacts that may skew this transcranial
magnetic stimulation electroencephalogram data. The tran-
scranial magnetic stimulation electroencephalogram data
collected by the electroencephalogram device 120 may
correspond to electrical activities triggered by one or more
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transcranial magnetic stimuli administered by the transcra-
nial magnetic stimulation device 110.

[0056] Meanwhile, the machine learning models used by
the transcranial magnetic stimulation electroencephalogram
data processor 135A to perform artifact rejection may be
trained and provided by the machine learning engine 135B.
For example, the machine learning engine 135B may train
one or more machine learning models including, for
example, classifiers, neural networks, and/or the like, to
perform artifact rejection including, for example, by iden-
tifying artefactual independent components originating from
artefactual sources. Artifact rejection may include removing,
from the raw transcranial magnetic stimulation electroen-
cephalogram data recorded by the electroencephalogram
device 120, the artefactual independent components identi-
fied by the trained machine learning models provided by the
machine learning engine 135B. As shown in FIG. 1, the
training of machine learning models may be performed
locally at the controller 130, for example, by the machine
learning engine 135B. However, it should be appreciated
that the training of machine learning models may be per-
formed elsewhere, for example, at a remote computing
system, and the trained machine learning models may be
deployed as computer software and delivered to the con-
troller 130, for example, via the network 140.

[0057] According to some example embodiments, real-
time adjustments of one or more transcranial magnetic
stimulation parameters may be performed based on the
resulting clean transcranial magnetic stimulation electroen-
cephalogram data. Adjusting one or more transcranial mag-
netic stimulation parameters in real-time may include chang-
ing the existing transcranial magnetic stimulation
parameters associated with one or more previously admin-
istered transcranial magnetic stimuli such that one or more
subsequent transcranial magnetic stimuli may be adminis-
tered with different transcranial magnetic stimulation
parameters. For example, one or more subsequent transcra-
nial magnetic stimuli may be administered with a different
stimulation duration, stimulation frequency, stimulation
magnitude, stimulation area, time interval between stimuli,
and/or the like.

[0058] In some example embodiments, the transcranial
magnetic stimulation electroencephalogram data processor
135A may preprocess the transcranial magnetic stimulation
electroencephalogram data received from the electroen-
cephalogram device 120 for machine learning based artifact
rejection. This preprocessing of the transcranial magnetic
stimulation electroencephalogram data may include the
removal of artifacts associated with the one or more tran-
scranial magnetic stimuli that was delivered by the transcra-
nial magnetic stimulation device 110. Thus, the processing
of the transcranial magnetic stimulation electroencephalo-
gram data may include removing transcranial magnetic
stimulation electroencephalogram data recorded immedi-
ately subsequent to the administration of one or more
transcranial magnetic stimuli (e.g., by the transcranial mag-
netic stimulation device 110). For example, the transcranial
magnetic stimulation electroencephalogram data processor
135A may be configured to discard transcranial magnetic
stimulation electroencephalogram data that is recorded up to
10 milliseconds (ms) after the administration of one or more
transcranial magnetic stimuli.

[0059] The preprocessing of the transcranial magnetic
stimulation electroencephalogram data may also include
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removing decay artifacts. Tt should be appreciated that
applying a frequency filter to transcranial magnetic stimu-
lation electroencephalogram data containing decay artifacts
may induce Gibbs phenomenon, which refers to ringing
artifacts in the nearby time period. As such, in some example
embodiments, the removal of decay artifacts may be per-
formed prior to applying, to the transcranial magnetic stimu-
lation electroencephalogram data, frequency filters to
remove, for example, spectrally irrelevant artifacts.

[0060] To remove decay artifacts, the transcranial mag-
netic stimulation electroencephalogram data processor 135A
may remove portions of the transcranial magnetic stimula-
tion electroencephalogram data associated with slow direct
current drift. Moreover, the transcranial magnetic stimula-
tion electroencephalogram data processor 135A may per-
form independent component analysis (ICA) on the tran-
scranial magnetic stimulation electroencephalogram data.
For example, performing the independent component analy-
sis may remove, from the transcranial magnetic stimulation
electroencephalogram data, independent components with
mean magnitude exceeding a threshold value (e.g., 30
microvolts) from electroencephalogram data recorded up to
50 milliseconds after the administration of transcranial mag-
netic stimulation.

[0061] Equation (1) below corresponds to the generative
model defined by the independent component analysis of the
transcranial magnetic stimulation electroencephalogram
data. As used herein, a “generative model” may be a model
for generating all values of a phenomenon including, for
example, electroencephalogram data associated with tran-
scranial magnetic stimulation.

X=BY (1)

wherein X may be a matrix of transcranial magnetic stimu-
lation electroencephalogram data that includes a C quantity
of rows corresponding to a C quantity of channels and a T
quantity of columns corresponding to a T quantity of time
points, B may be a mixing matrix with a C quantity of rows
corresponding to the C quantity of channels and a K quantity
of columns corresponding to a K quantity of independent
components, and Y may be a matrix of the component signal
having a K quantity of rows corresponding to the K quantity
of independent components and a T quantity of columns
corresponding to the T quantity of time points.

[0062] Referring again to Equation (1), the matrix X may
be known while both the matrix B and the matrix Y are
unknown. The independent component analysis may be
performed in order to estimate Y based on X and an
assumption that the time courses of the independent com-
ponents are statistically independent from each other. In
order to address the scaling ambiguity associated with the
independent component analysis (i.e., a scaling of the col-
umns of the matrix B may be offset by applying an inverse
scaling of the corresponding rows of the matrix Y), each
column of the estimated matrix B may be normalized to have
unit variance.

[0063] Alternately and/or additionally, the preprocessing
of the transcranial magnetic stimulation electroencephalo-
gram data may include filtering the transcranial magnetic
stimulation electroencephalogram data to remove spectrally
irrelevant artifacts. Spectrally irrelevant artifacts may
include artifacts with frequencies outside of useful band for
transcranial magnetic stimulation electroencephalogram
data (e.g., between 8 Hertz and 12 Hertz)). For instance, the
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transcranial magnetic stimulation electroencephalogram
data processor 135A may apply a high-pass filter (e.g., a 0.01
Hz zero-phase finite impulse response (FIR) filter) to
remove excessively low frequency transcranial magnetic
stimulation electroencephalogram data. Low frequency tran-
scranial magnetic stimulation electroencephalogram data
may typically arise from slow drifts caused by a change in
the electric potential across the subject’s skin, which may be
triggered by the activation of sweat glands due to sympa-
thetic nerve activities. The transcranial magnetic stimulation
electroencephalogram data processor 135A may also apply
a multi-taper regression technique to identify, via a Thomp-
son F-statistic, excessively high frequency transcranial mag-
netic stimulation electroencephalogram data, which is typi-
cally a product of 60 Hertz alternating current (AC) line
noise. It should be appreciated that the transcranial magnetic
stimulation electroencephalogram data processor 135A may
apply different filtering techniques to remove spectrally
irrelevant transcranial magnetic stimulation electroencepha-
logram data.

[0064] In some example embodiments, the preprocessing
of transcranial magnetic stimulation electroencephalogram
data may further include epoching the filtered transcranial
magnetic stimulation electroencephalogram data with
respect to the transcranial magnetic stimuli. That is, the
filtered transcranial magnetic stimulation electroencephalo-
gram data, which may initially be continuous, may be
divided into epochs corresponding to the trials of transcra-
nial magnetic stimuli that are administered to the subject.
Thus, a single transcranial magnetic stimulation epoch may
be a segment of transcranial magnetic stimulation electro-
encephalogram data that corresponds to the subject’s
response to a single transcranial magnetic stimulus, a pair of
transcranial magnetic stimuli, and/or a train of transcranial
magnetic stimuli. The segment of transcranial magnetic
stimulation electroencephalogram data may span 500 to
1500 milliseconds and/or a different quantity of time.

[0065] Alternately and/or additionally, the transcranial
magnetic stimulation electroencephalogram data processor
135A may preprocess the filtered transcranial magnetic
stimulation electroencephalogram data by re-referencing the
filtered transcranial magnetic stimulation electroencephalo-
gram data with respect to a common average. As noted
earlier, the electroencephalogram device 120 may record
transcranial magnetic stimulation electroencephalogram
data by at least measuring voltage differentials with respect
to a reference electrode (e.g., the first electrode 122). The
re-referencing of the transcranial magnetic stimulation elec-
troencephalogram data may include re-referencing the tran-
scranial magnetic stimulation electroencephalogram data
with respect to a common average of activities across all
recording electrodes (e.g., the second electrode 124 and the
third electrode 126). For example, the average voltage
differential across all recording electrodes may be subtracted
from the voltage differential at each individual recording
electrode.

[0066] In some example embodiments, the transcranial
magnetic stimulation electroencephalogram data processor
135A may identify and remove artifacts associated with one
or more bad epochs and/or bad electrodes. As noted, a single
epoch may be a 500 to 1500 millisecond segment of tran-
scranial magnetic stimulation electroencephalogram data
that corresponds to the subject’s response to a single tran-
scranial magnetic stimulus, a pair of transcranial magnetic
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stimuli, and/or a train of transcranial magnetic stimuli.
Meanwhile, a bad epoch may refer to an epoch that is
contaminated with artifacts arising from subject motion
including, for example, head movement, scalp scratch, jaw
clench, talking, swallowing, throat clearing, and/or the like.
Such motion artifacts may be spatially widespread and may
contaminate all channels in an epoch. Moreover, motion
artifacts may introduce nonlinearities into the transcranial
magnetic stimulation electroencephalogram data, thereby
increasing the quantity of independent components for cap-
turing the variability of artefactual contributions while
reducing the quantity of available independent components
for separating neural and artefactual sources. As such,
motion artifacts may be pruned from the transcranial mag-
netic stimulation electroencephalogram data prior to the
identification and rejection of artefactual independent com-
ponents.

[0067] To identify and remove artifacts from bad epochs,
the transcranial magnetic stimulation electroencephalogram
data processor 135A may determine a z-score for the mag-
nitude of various combinations of epochs n and channel ¢ as
set forth in Equation (2) below.

Qpc — M¢ (2)

Se

wherein a,, . may correspond to an average magnitude of the
n-th epoch and the c-th channel, m_, may correspond to a
mean of the average magnitude across epochs for the c-th
channel, and s, may correspond to a standard deviation of
the average magnitude across epochs for the c-th channel. It
should be appreciated that electroencephalogram data
recorded up to a certain quantity of time (e.g., 50 millisec-
onds) subsequent to the administration of transcranial mag-
netic stimulation may be omitted from the determination of
the z-score in order to decrease inference from any residual
decay artifacts.

[0068] The transcranial magnetic stimulation electroen-
cephalogram data processor 135A may identify combina-
tions of epochs and channels having a z-score that exceeds
a threshold value (e.g., 3). From those combinations that are
identified, epochs that appear in more than a threshold
proportion (e.g., 20%) of all channels may be rejected across
all channels. Meanwhile, epochs that appear in fewer than
the threshold proportion of channels, the electroencephalo-
gram values in the corresponding channels may be replaced
based on an interpolation (e.g., spherical interpolation) of
electroencephalogram values from adjacent channels. For
transcranial magnetic stimulation electroencephalogram
data having a disproportionately large quantity of bad
epochs, artifact elimination based on z-score may reject an
undesirably low quantity of epochs because the average
magnitude and the standard deviation may both be high. As
such, where the proportion of bad epochs is high including,
for example, when both the average magnitude and the
standard deviation are high, the transcranial magnetic stimu-
lation electroencephalogram data processor 135A may pro-
vide a warning, which may show the channels in which the
standard deviation of the average magnitude across epochs
exceeds a threshold value (e.g., 30 microvolts).

[0069] As noted, the transcranial magnetic stimulation
electroencephalogram data processor 135A may also
remove artifacts from bad electrodes. For example, the
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transcranial magnetic stimulation electroencephalogram
data processor 135A may identify one or more bad elec-
trodes in the electroencephalogram device 120 and remove
a portion of the electroencephalogram data recorded by
these bad electrodes. Furthermore, the transcranial magnetic
stimulation electroencephalogram data processor 135A may
replace the electroencephalogram data recorded by bad
electrodes with data recorded by adjacent electrodes. For
instance, the electroencephalogram data recorded by a bad
electrode may be replaced by an interpolation (e.g., spherical
interpolation) of the electroencephalogram data recorded by
its neighboring electrodes. As used herein, a “bad electrode”
may refer to an electrode that produces abnormal electro-
encephalogram data due to, for example, being faulty, dis-
connected, and/or flat. The electroencephalogram data of the
electrode may be abnormal if it deviates from the electro-
encephalogram data recorded by neighboring electrodes
and/or a random sampling of electrodes in the electroen-
cephalogram device 120.

[0070] In some example embodiments, to identify bad
electrodes, the transcranial magnetic stimulation electroen-
cephalogram data processor 135A may determine, for each
epoch, a maximum correlation efficient of the electroen-
cephalogram data from each electrode in the electroencepha-
logram device 120 relative to the rest of the electrodes in the
electroencephalogram device 120. The maximum correla-
tion eflicient may be a measure of the deviation in the
electroencephalogram data recorded by an electrode relative
to the electroencephalogram data recorded by other (e.g.,
neighboring) electrodes in the electroencephalogram device
120. Here, electroencephalogram data recorded up to a
certain quantity of time (e.g., 50 milliseconds) subsequent to
the administration of transcranial magnetic stimulation may
also be omitted from the determination of the maximum
correlation efficient. Moreover, an electrode may be identi-
fied as a bad electrode if its maximum correlation efficient
is less than a threshold value (e.g., 0.5) for more than a
threshold proportion (e.g., 5%) of epochs.

[0071] It should be appreciated that the identification of
bad electrodes may be affected by the choice of reference.
When a single inactive electrode is used as the reference
electrode, the electrode should ideally be as noise-free as
possible because referencing a noisy electrode may inflate
the correlation coeflicient between the electroencephalo-
grams data recorded at different electrodes. Nevertheless, a
single reference electrode may be skewed by an extreme
outlier electrode. As such, in some example embodiments,
the identification of bad electrodes may be performed itera-
tively along with the determination of a common average
reference. Table 1 below depicts an algorithm for iteratively
identifying bad electrodes and determining a common aver-
age reference.

TABLE 1

1. Initialize EEG to electroencephalogram data and bad electrode list to an
empty array [ ] .

2. EEG,,,n, = EEG - median(EEG), wherein median{EEG) may be the
median of the electroencephalogram data across all of the electrodes in the
electroencephalogram device 120;

3. Identify one or more bad electrodes from EEG,,,,, based on the
maximum correlation coefficient and add the bad electrode to the bad
electrode list;

4. EEG,,,, = EEG - median(EEG,y,,,), wherein EEG,,..,,

may be the mean of the electroencephalogram data with
electroencephalogram data recorded by the bad electrodes in the bad
electrode list interpolated;



US 2020/0054888 A1l

TABLE 1-continued

5. Repeat operations 2-3 until the bad electrode list does not change.

6. Reject and interpolate the electroencephalogram data recorded by the
bad electrodes in the bad electrode list;

7. Update the electroencephalogram data such that EEG = EEG -
median(EEG)

[0072] The maximum correlation coeflicient may be
capable of identifying only single noisy electrodes but not a
cluster of bad electrodes. This may be due to the cluster of
bad electrodes exhibiting a high degree of correlation
amongst themselves. As such, in some example embodi-
ments, a random consensus technique (RANSAC) may be
used to identify clusters of bad electrodes in addition to
and/or instead of the maximum correlation coefficient. For
example, the random consensus technique may determine,
based on the electroencephalogram data recorded by a
random subset (e.g., 25%) of electrodes in the electroen-
cephalogram device 120, a prediction of the electroencepha-
logram data that should be recorded by the other electrodes
(e.g., exclusive of the subset) in each epoch. The transcranial
magnetic stimulation electroencephalogram data processor
135A may repeat this prediction multiple times (e.g., 50
times). Moreover, the transcranial magnetic stimulation
electroencephalogram data processor 135A may determine
correlation coeflicients between the predicted electroen-
cephalogram data and the actual electroencephalogram data
recorded at each electrode in the electroencephalogram
device 120 (e.g., exclusive of the subset). An electrode may
be identified as a bad electrode if, for example, the median
(e.g., 50 percentile) of that electrode’s correlation coeflicient
is less than a threshold value (e.g., 0.75) on more than a
certain proportion of epochs (e.g., 0.4).

[0073] The transcranial magnetic stimulation electroen-
cephalogram data processor 135A may perform artifact
rejection by at least decomposing the preprocessed transcra-
nial magnetic stimulation electroencephalogram data into a
plurality of independent components. In some example
embodiment, the transcranial magnetic stimulation electro-
encephalogram data processor 135A may perform artifact
rejection by applying a machine learning model that is
trained to identify one or more artefactual independent
components. The machine learning model may be a classi-
fier including, for example, a Fisher linear discriminant
analyzer although different and/or additional types of
machine learning models (e.g., a neural network) may also
be applied in order to perform artifact rejection. Artefactual
independent components may be removed from the tran-
scranial magnetic stimulation electroencephalogram data
used to perform real-time adjustments to the parameters of
a transcranial magnetic stimulation procedure (e.g., admin-
istered by the transcranial magnetic stimulation device 110).

[0074] The transcranial magnetic stimulation electroen-
cephalogram data processor 135A may generate a feature
vector V for each independent component 1, which may be
associated with a corresponding scalp map s, and a time
course y;. The feature vector % may include an n quantity
of features [f}, f,, . . ., f,] that capture the spatial, temporal,
and/or spectral patterns that are present in the corresponding
independent component. According to some example
embodiments, the transcranial magnetic stimulation electro-
encephalogram data processor 135A may apply, to the
feature vector ¥, a Fisher linear discriminant analyzer
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and/or the like. The Fisher linear discriminant analyzer may
be trained to determine a linear combination of the features
[f,, f,, ..., f] that distinguishes between artefactual and
non-artefactual independent components. The Fisher linear
discriminant analyzer may be trained based on training data
that includes electroencephalogram data associated with
transcranial magnetic stimulation. The electroencephalo-
gram data used for training may include one or more
independent components having known classifications (e.g,,
as an artefactual independent component and/or a non-
artefactual independent component).

[0075] Training the Fisher linear discriminant analyzer
may include adjusting the weight that is associated with each
feature [f. £, . . ., f ] until the Fisher linear discriminant
analyzer is able to determine the correct classification for the
independent components in the training data. For example,
the weights may be adjusted in order to maximize a ratio of
inter-class (e.g., between class) variance and intra-class
(e.g., within class) variance. Here, a class may refer to a
group of same and/or similar independent components. For
instance, artefactual independent components may form one
class while non-artefactual independent components may
form another class. Accordingly, the weights may be
adjusted in order to maximize the inter-class variation
between artefactual and non-artefactual components while
minimizing the intra-class variation amongst artefactual
independent components and the intra-class variation
amongst non-artefactual independent components.

[0076] In some example embodiments, the feature vector
may include a plurality of features including, for example,
spatial range, regional activation, border activation, corre-
lation with horizontal eye movement template, correlation
with blink artifact template, electrocardiogram (EKG) spa-
tial correlation, electrocardiogram temporal correlation, cur-
rent source density, maximum magnitude, short-time mag-
nitude, skewness, band-power for electroencephalogram
rhythms, and electroencephalogram spectrum.

[0077] The spatial range feature of an independent com-
ponent 1 may correspond to an absolute difference between
a maximum voltage differential and a minimum voltage
differential present in the corresponding scalp map s, It
should be appreciated that an artefactual independent com-
ponent is typically associated with a large spatial range.
[0078] The regional activation feature of an independent
component 1 may correspond to an absolute value of the
average voltage differentials recorded within one or more
specific regions (e.g., central, frontal, occipital, and/or tem-
poral) of the corresponding scalp map

[0079] The border activation feature of an independent
component i may be a value (e.g., a “1” or a “0”) indicative
of whether the electrode recording the highest voltage
differential in the corresponding scalp map s, is located on
the border of the scalp map In should be appreciated that the
highest voltage differential recorded for a non-artefactual
independent component generally may not located at the
border of the corresponding scalp map.

[0080] Insome example embodiments, the scalp map s, of
an independent component 1 may be compared to a template
scalp map showing a spatial distribution of voltage differ-
entials that may result from horizontal eye movement. FIG.
3A depicts a template scalp map 300 that shows the spatial
distribution of electrodes that are activated by a subject’s
horizontal eye movement as well as the magnitude of the
voltage differential recorded at each electrode. The transcra-
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nial magnetic stimulation electroencephalogram data pro-
cessor 135A may compare the scalp map s, of an indepen-
dent component i and the template scalp map 300 to
determine an absolute correlation coeflicient between the
scalp map s, and the template scalp map 300. The correlation
with horizontal eye movement template feature of the fea-
ture vector ¥V may be this absolute correlation coeflicient
indicative of a degree of correspondence between the scalp
map s, of the independent component i and the template
scalp map 300 for horizontal eye movement.

[0081] Insome example embodiments, the scalp map s, of
an independent component i may be compared to a template
scalp map showing a spatial distribution of voltage differ-
entials that may result from transcranial magnetic stimula-
tion-evoked and/or voluntary eye blinking movements. FIG.
3B depicts a template scalp map 310 illustrating the spatial
distribution of electrodes that are activated by a subject’s
blinking movements. As shown in FIG. 3B, the subject’s
blinking movements tend to trigger a high degree of acti-
vation and large voltage differentials in the electrodes
located in the prefrontal region of the template scalp map
310. The transcranial magnetic stimulation electroencepha-
logram data processor 135A may compare the scalp map s,
of an independent component i and the template scalp map
310 to determine an absolute correlation coeflicient between
the scalp map s, and the template scalp map 310. The
correlation with blink template feature of the feature vector
V¥ may be this absolute correlation coefficient indicative of
a degree of correspondence between the scalp map s, of the
independent component i and the template scalp map 310 for
blinking movements.

[0082] In some example embodiments, an electrocardio-
gram artifact may be a poorly formed QRS complex that is
time-locked to a subject’s cardiac contractions. This elec-
trocardiogram artifact may be most prominent when the
subject’s neck is short and wide. According to some example
embodiments, the scalp map s, of an independent component
i may be compared to one or more template scalp maps
showing a spatial distribution of voltage differentials that
correspond to an electrocardiogram artifact. FIG. 3C depicts
a collection of template scalp maps 320 that show the
various spatial distribution of electrodes that can activated
due to a subject’s cardiac contractions. As shown in FIG. 3C,
the subject’s cardiac contracts may to activate electrodes at
different locations. Thus, the transcranial magnetic stimula-
tion electroencephalogram data processor 135A may com-
pare the scalp map s; of an independent component 1 and the
each of the template scalp maps in the collection of template
scalp maps 320 to determine an absolute correlation coef-
ficient between the scalp map s, and each of the template
scalp maps in the collection. The electrocardiogram spatial
correlation feature of the feature vector may be a value (e.g.,
a “1” or “0”) indicating whether the maximum correlation
coeflicient between the scalp map s, and the template scalp
maps exceeds a threshold value (e.g., 0.5).

[0083] In some example embodiments, the transcranial
magnetic stimulation electroencephalogram data processor
135A may be configured to detect the occurrence of elec-
trocardiogram artifacts during the time course y, of the
independent component 1. It should be appreciated that the
electrocardiogram artifact may have a certain duration (e.g.,
approximately 50 ms) and/or frequency (e.g., between 1
Hertz and 1.67 Hertz). Accordingly, the transcranial mag-
netic stimulation electroencephalogram data processor 135A
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may detect the QRS complex associated with the electro-
cardiogram artifact by at least applying a maximal overlap
discrete wavelet transform (MODWT). By applying a wave-
let that resembles the QRS complex in shape, a higher
specificity of an independent component that is an electro-
cardiogram artifact may be achieved. For instance, the
transcranial magnetic stimulation electroencephalogram
data processor 135A may be able to detect peaks at an
appropriate scale in the wavelet subspace rather than in the
original signal space. Specifically, to detect electrocardio-
gram artifacts, the transcranial magnetic stimulation elec-
troencephalogram data processor 135A may be configured to
decompose the time course y, of the independent component
i using the Daubechies least-asymmetric wavelet with 4
vanishing moments (‘sym4’) wavelet. The depth of the
decomposition, M may be determined based on the follow-
ing Equation (3):

F, F, ©)
7T < 50< I

wherein F | is the sampling rate of the electroencephalogram
data.

[0084] The transcranial magnetic stimulation electroen-
cephalogram data processor 135A may reconstruct a signal
z; using the wavelet coefficients at scale M+1, which corre-
sponds to the following Equation (4):
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[0085] The transcranial magnetic stimulation electroen-
cephalogram data processor 135A may identify the number
of peaks in z,> z. Here, the minimum inter peak distance
may be set to 600 millisecond to match the frequency of the
electrocardiogram artifact. The electrocardiogram temporal
feature of the feature vector ¥ may be a value (e.g., a “0”
or “17) that indicates whether the number of peaks is greater
than a threshold value. The threshold value may be 0.8NT,
wherein N may be a total number of trials and T be a length
of each epoched trial in seconds. FIG. 3D depicts the results
of peak detection in the wavelet domain and the time
domain. It should be appreciated that peak detection in the
wavelet domain may be less susceptible to false positives
than peak detection in the time domain.

[0086] Artefactual independent components may be asso-
ciated with sources having complicated patterns and large 1,
norms. The source activity s may be estimated using a
minimum norm estimation technique on a boundary element
head model built from the average structural magnetic
resonance images (MRIs) of a group of subjects. The current
source density feature of the feature vector ¥ may corre-
spond to the 1, norm of the estimated source activity s. As
used herein, the source activity s may originate from a
cortical source. The 1, norm of the estimated source activity
s may correspond to a spatial map of each source.

[0087] In some example embodiments, the maximum
magnitude feature of the feature vector ¥V may correspond
to the maximum voltage differential that is recorded across
trials over the duration of a transcranial magnetic stimula-
tion procedure or session.
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[0088] In some example embodiments, the transcranial
magnetic stimulation electroencephalogram data processor
135A may determine the mean magnitudes of different time
windows in order to capture various transcranial magnetic
stimulation-evoked potential (TEP) peaks and transcranial
magnetic stimulation-evoked muscle artifacts. For example,
the short-time magnitude feature of the feature vector
¥ may include the mean magnitudes for a 0-60 millisecond
time window, a 60-120 millisecond time window, and/or a
140-220 millisecond time window. The length of these time
windows may be adjusted to capture transcranial magnetic
stimulation-evoked potential peaks that may be present
when different regions of the brain are stimulated and/or
capture artifacts that are time-locked to the transcranial
magnetic stimuli administered to the subject. It should be
appreciated that the computation of mean magnitudes for
relatively broad timeframes may enable a quantification of
transcranial magnetic stimulation-evoked potential peaks
without allowing for spurious fluctuations. Thus, the tran-
scranial magnetic stimulation electroencephalogram data
processor 135A may be able to capture transcranial magnetic
stimulation-evoked potential peaks that are significantly
earlier and/or later than typical transcranial magnetic stimu-
lation peaks due to variability amongst different subjects.

[0089] In some example embodiments, the skewness asso-
ciated with an independent component 1 may be a measure
of the asymmetry in the probability distribution in the
corresponding transcranial magnetic stimulation electroen-
cephalogram data. The skewness feature of the feature
vector ¥ may be the absolute value of the mean skewness
across all of the trials that are conducted during a transcra-
nial magnetic stimulation procedure or session.

[0090] In some example embodiments, the transcranial
magnetic stimulation electroencephalogram data processor
135A may capture various electroencephalogram rhythms
by at least computing the band-power for one or more
electroencephalogram bands including, for example, the
theta band (e.g., the 4-7 Hertz band), the alpha band (e.g., the
8-12 Hertz band), the beta band (e.g., the 13-30 Hertz band),
and/or the gamma band (e.g., the 31-50 Hertz band). Thus,
the band-power feature of the feature may include the
band-power for the theta band, the alpha band, the beta band,
and/or the gamma band. It should be appreciated that the
gamma band-power may enable a detection of high-fre-
quency muscle artifacts.

[0091] In some example embodiments, the transcranial
magnetic stimulation electroencephalogram data processor
135A may determine one or more electroencephalogram
spectral features, which may be included in the feature
vector V . Except for the alpha band, typical electroencepha-
logram spectrum may follow a

shape, wherein f may refer to the frequencies of the spec-
trum. Thus, in order to extract the electroencephalogram
spectral features, the transcranial magnetic stimulation elec-
troencephalogram data processor 115 may fit the spectrum
of an independent component i that is between 1 Hertz and
35 Hertz to the following Equation (5):
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[0092] The transcranial magnetic stimulation electroen-

cephalogram data processor 135A may then extract a first
spectral feature that corresponds to the mean fit error
between the actual spectrum of the independent component
1 and the fitted

within the alpha band. The transcranial magnetic stimulation
electroencephalogram data processor 135A may further
extract a second spectral feature that corresponds to the
parameter b from the above Equation (5). It should be
appreciated that artefactual independent components typi-
cally have a higher value for the parameter b than non-
artefactual independent components. FIG. 3E depicts spec-
tral features 330 for an independent component that is
associated with artefactual source (e.g., muscle movement)
and spectral features 340 for an independent component that
is associated with a non-artefactual source. Referring to FIG.
3E, the artefactual source may be associated with an alpha-
band fit error of 1.23 and A=1.74 while the non-artefactual
source may be associated with an alpha-band fit error of 4.35
and A=-4.83.

[0093] FIG. 4A depicts a flowchart illustrating a process
400 for training a machine learning model to perform
artifact rejection, in accordance with some example embodi-
ments. Referring to FIGS. 1-4A, the process 400 may be
performed by the controller 130, for example, by the
machine learning engine 135B.

[0094] The controller 130 may train, based on training
data, a machine learning model to identify one or more
artefactual independent components in the training data
(402). In some example embodiments, the machine learning
model may be trained with training data that includes
electroencephalogram data associated with transcranial
magnetic stimulation. This electroencephalogram data may
be include one or more independent components with
known classifications including, for example, independent
components that are known to be artefactual and/or non-
artefactual. Tt should be appreciated that the artefactual
independent components may originate from a variety of
sources including, for example, transcranial magnetic
stimuli, subject motion (e.g., scalp muscle activation, eye
blinks), coil clicks, coil recharge, and/or the like.

[0095] Insome example embodiments, the machine learn-
ing model may be trained to determine a linear combination
of the features that distinguishes between artefactual and
non-artefactual independent components. Training the
machine learning model may include adjusting the weight
that is associated with each feature until the machine learn-
ing model is able to determine the correct classification for
the independent components in the training data. For
example, the weights may be adjusted in order to maximize
the inter-class variation between artefactual and non-arte-
factual components while minimizing the intra-class varia-
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tion amongst artefactual independent components and the
intra-class variation amongst non-artefactual independent
components.

[0096] The controller 130 may provide the trained
machine learning model to at least enable an identification of
one or more artefactual independent components in the
electroencephalogram data recorded by the electroencepha-
logram device 120 in response to one or more trials of
transcranial magnetic stimuli administered by the transcra-
nial magnetic stimulation device 110 (404). In some
example embodiments, the trained machine learning model
may be trained by the machine learning engine 135B and
deployed locally at the controller 130. However, it should be
appreciated that the training of the machine learning model
may be performed at a remote computing system and the
trained machine learning model may be deployed as com-
puter software that is delivered to the controller 130, for
example, via the network 140.

[0097] FIG. 4B depicts a flowchart illustrating a process
450 for artifact rejection, in accordance with some example
embodiments. Referring to FIGS. 1-4B, the process 450 may
be performed by the controller 130, for example, by the
transcranial magnetic stimulation electroencephalogram
data processor 135A.

[0098] In some example embodiments, the controller 130
may preprocess transcranial magnetic stimulation electro-
encephalogram data received from the electroencephalo-
gram device 120 (452). For instance, the controller 130 (e.g.,
the transcranial magnetic stimulation electroencephalogram
data processor 135A) may preprocess the transcranial mag-
netic stimulation electroencephalogram data by at least
removing artifacts associated with the transcranial magnetic
stimuli (e.g., the first 10 milliseconds of the transcranial
magnetic stimulation electroencephalogram data subsequent
to the administration of one or more transcranial magnetic
stimuli) and/or spectrally irrelevant artifacts (e.g., exces-
sively high frequency transcranial magnetic stimulation
electroencephalogram data caused by AC line noise and/or
low frequency transcranial magnetic stimulation electroen-
cephalogram data caused by slow drifts). The preprocessing
of the transcranial magnetic stimulation electroencephalo-
gram data may further include epoching the transcranial
magnetic stimulation electroencephalogram data and/or re-
referencing the transcranial magnetic stimulation electroen-
cephalogram data to a common average.

[0099] The controller 130 may identify and remove tran-
scranial magnetic stimulation electroencephalogram data
associated with one or more bad electrodes (454). For
example, the controller 130 (e.g., the transcranial magnetic
stimulation electroencephalogram data processor 135A)
may identify one or more bad electrodes recording abnormal
electroencephalogram data due to being faulty, discon-
nected, and/or flat. As noted, the electroencephalogram data
of an electrode may be abnormal if it deviates from the
electroencephalogram data recorded by neighboring elec-
trodes and/or a random sampling of electrodes in the elec-
troencephalogram device 120. In some example embodi-
ments, the controller 130 may identify bad electrodes based
on the maximum correlation efficient of the electroencepha-
logram data from each electrode in the electroencephalo-
gram device 120 relative to the electroencephalogram data
recorded by neighboring electrodes in the electroencepha-
logram device 120. Alternatively and/or additionally, the
controller 130 may identify bad electrodes based on the
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correlation coefficient of the electroencephalogram data
from the electrodes in the electroencephalogram device 120
relative to the electroencephalogram data recorded by a
random sampling of electrodes in the electroencephalogram
device 120.

[0100] The controller 130 may identify and remove tran-
scranial magnetic stimulation electroencephalogram data
associated with one or more bad trials (456). For instance,
the controller 130 (e.g., the transcranial magnetic stimula-
tion electroencephalogram data processor 135A) may be
configured to remove the transcranial magnetic stimulation
electroencephalogram data associated with a particular tran-
scranial magnetic stimulation trial, when the magnitude of
the voltage differential recorded for that transcranial mag-
netic stimulation trial exceeds the mean magnitude of the
voltage differentials recorded for all transcranial magnetic
stimulation trials during a transcranial magnetic stimulation
procedure by a certain number (e.g., three) of standard
deviations.

[0101] The controller 130 may decompose the prepro-
cessed transcranial magnetic stimulation electroencephalo-
gram data into a plurality of independent components (458).
For instance, the controller 130 (e.g., the transcranial mag-
netic stimulation electroencephalogram data processor 135A
may decompose the transcranial magnetic stimulation elec-
troencephalogram data into a plurality of independent com-
ponents, which may originate from artefactual or non-
artefactual sources.

[0102] The controller 130 may apply a machine learning
model] to identify and remove one or more artefactual
independent components (460). For example, the controller
130 (e.g., the transcranial magnetic stimulation electroen-
cephalogram data processor 135A) may generate, for an
independent component, a feature vector ¥V that includes a
plurality of features that capture the spatial, temporal, and/or
spectral patterns present in the independent component. The
plurality of features may include, for example, spatial range,
regional activation, border activation, correlation with hori-
zontal eye movement template, correlation with blink arti-
fact template, electrocardiogram spatial correlation, electro-
cardiogram temporal correlation, current source density,
maximum magnitude, short-time magnitude, skewness,
band-power for electroencephalogram rhythms, and electro-
encephalogram spectrum. The controller 130 may apply, to
the feature vector V , a machine learning model including,
for example, a Fisher linear discriminant analyzer and/or the
like. The Fisher linear discriminant analyzer may be trained
to classify, based on the feature vector V, the corresponding
independent component as either an artefactual independent
component or a non-artefactual independent component.
The controller 130 may be configured to remove, from the
transcranial magnetic stimulation electroencephalogram
data, one or more independent components that have been
identified as an artefactual independent component.

[0103] The controller 130 may perform, based on the
resulting clean transcranial magnetic stimulation electroen-
cephalogram data, real-time adjustments to one or more
transcranial magnetic stimulation parameters of a transcra-
nial magnetic stimulation procedure being administered by
the transcranial magnetic stimulation device 110 (462). For
example, the controller 130 may perform, based on the
resulting clean transcranial magnetic stimulation electroen-
cephalogram data, real-time adjustments to one or more
transcranial magnetic stimulation parameters including, for
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example, stimulation duration, stimulation frequency, stimu-
lation magnitude, stimulation area, time interval between
stimuli, and/or the like.

[0104] FIG. 5A-D depicts transcranial magnetic stimula-
tion electroencephalogram data that has been subject to
machine learning based artifact rejection, in accordance with
some example embodiments. FIG. SA depicts the transcra-
nial magnetic stimulation-evoked potential peaks that are
found in transcranial magnetic stimulation electroencepha-
logram data prior to artifact rejection. FIG. 5B depicts the
transcranial magnetic stimulation-evoked potential peaks
that are found in the transcranial magnetic stimulation
electroencephalogram data subsequent to the removal of
transcranial magnetic stimulation electroencephalogram
data from one or more bad channels. FIG. 5C depicts the
transcranial magnetic stimulation-evoked potential peaks
that are found in the transcranial magnetic stimulation
electroencephalogram data subsequent to the removal of
transcranial magnetic stimulation electroencephalogram
data from one or more bad trials. FIG. 5D depicts the
transcranial magnpetic stimulation-evoked potential peaks
that are found in the transcranial magnetic stimulation
electroencephalogram data subsequent to the removal of one
or more artefactual independent components.

[0105] FIG. 6A depicts a table 600 illustrating classifica-
tion accuracies for each subject A-F in a leave-one-subject-
out classification. As shown in FIG. 6A, machine learning
based artifact rejection (e.g., ARTIST) has a higher classi-
fication accuracy than manual artifact rejection (e.g.,
MARA).

[0106] FIG. 6B depicts tables 650 illustrating classifica-
tion accuracies for each site in a leave-one-site-out classi-
fication. As shown in FIG. 6B, machine learning based
artifact rejection (e.g., ARTIST) has a higher classification
accuracy than manual artifact rejection (e.g., MARA).
[0107] FIG. 7 depicts a block diagram illustrating a com-
puting system 700 consistent with some implementations of
the current subject matter. Referring to FIGS. 1 and 7, the
computing system 700 can be used to implement the con-
troller 130 and/or any components therein.

[0108] As shown in FIG. 7, the computing system 700 can
include a processor 710, a memory 720, a storage device
730, and input/output devices 740. The processor 710, the
memory 720, the storage device 730, and the input/output
devices 740 can be interconnected via a system bus 750. The
processor 710 is capable of processing instructions for
execution within the computing system 700. Such executed
instructions can implement one or more components of, for
example, the controller 130. In some implementations of the
current subject matter, the processor 710 can be a single-
threaded processor. Alternately, the processor 710 can be a
multi-threaded processor. The processor 710 is capable of
processing instructions stored in the memory 720 and/or on
the storage device 730 to display graphical information for
a user interface provided via the input/output device 740.
[0109] The memory 720 is a computer readable medium
such as volatile or non-volatile that stores information
within the computing system 700. The memory 720 can
store data structures representing configuration object data-
bases, for example. The storage device 730 is capable of
providing persistent storage for the computing system 700.
The storage device 730 can be a floppy disk device, a hard
disk device, an optical disk device, or a tape device, or other
suitable persistent storage means. The input/output device
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740 provides input/output operations for the computing
system 700. In some implementations of the current subject
matter, the input/output device 740 includes a keyboard
and/or pointing device. In various implementations, the
input/output device 740 includes a display unit for display-
ing graphical user interfaces.

[0110] According to some implementations of the current
subject matter, the input/output device 740 can provide
input/output operations for a network device. For example,
the input/output device 740 can include Ethernet ports or
other networking ports to communicate with one or more
wired and/or wireless networks (e.g., a local area network
(LAN), a wide area network (WAN), the Internet).

[0111] One or more aspects or features of the subject
matter described herein can be realized in digital electronic
circuitry, integrated circuitry, specially designed application
specific integrated circuits (ASICs), field programmable
gate arrays (FPGAs) computer hardware, firmware, soft-
ware, and/or combinations thereof. These various aspects or
features can include implementation in one or more com-
puter programs that are executable and/or interpretable on a
programmable system including at least one programmable
processor, which can be special or general purpose, coupled
to receive data and instructions from, and to transmit data
and instructions to, a storage system, at least one input
device, and at least one output device. The programmable
system or computing system may include clients and serv-
ers. A client and server are generally remote from each other
and typically interact through a communication network.
The relationship of client and server arises by virtue of
computer programs running on the respective computers and
having a client-server relationship to each other.

[0112] These computer programs, which can also be
referred to as programs, software, software applications,
applications, components, or code, include machine instruc-
tions for a programmable processor, and can be imple-
mented in a high-level procedural and/or object-oriented
programming language, and/or in assembly/machine lan-
guage. As used herein, the term “machine-readable medium”
refers to any computer program product, apparatus and/or
device, such as for example magnetic discs, optical disks,
memory, and Programmable Logic Devices (PLDs), used to
provide machine instructions and/or data to a programmable
processor, including a machine-readable medium that
receives machine instructions as a machine-readable signal.
The term “machine-readable signal” refers to any signal
used to provide machine instructions and/or data to a pro-
grammable processor. The machine-readable medium can
store such machine instructions non-transitorily, such as for
example as would a non-transient solid-state memory or a
magnetic hard drive or any equivalent storage medium. The
machine-readable medium can alternatively or additionally
store such machine instructions in a transient manner, such
as for example, as would a processor cache or other random
access memory associated with one or more physical pro-
Cessor cores.

[0113] To provide for interaction with a user, one or more
aspects or features of the subject matter described herein can
be implemented on a computer having a display device, such
as for example a cathode ray tube (CRT) or a liquid crystal
display (LCD) or a light emitting diode (LED) monitor for
displaying information to the user and a keyboard and a
pointing device, such as for example a mouse or a trackball,
by which the user may provide input to the computer. Other
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kinds of devices can be used to provide for interaction with
a user as well. For example, feedback provided to the user
can be any form of sensory feedback, such as for example
visual feedback, auditory feedback, or tactile feedback; and
input from the user may be received in any form, including,
but not limited to, acoustic, speech, or tactile input. Other
possible input devices include, but are not limited to, touch
screens or other touch-sensitive devices such as single or
multi-point resistive or capacitive track pads, voice recog-
nition hardware and software, optical scanners, optical
pointers, digital image capture devices and associated inter-
pretation software, and the like.
[0114] The subject matter described herein can be embod-
ied in systems, apparatus, methods, and/or articles depend-
ing on the desired configuration. The implementations set
forth in the foregoing description do not represent all
implementations consistent with the subject matter
described herein. Instead, they are merely some examples
consistent with aspects related to the described subject
matter. Although a few variations have been described in
detail above, other modifications or additions are possible.
In particular, further features and/or variations can be pro-
vided in addition to those set forth herein. For example, the
implementations described above can be directed to various
combinations and subcombinations of the disclosed features
and/or combinations and subcombinations of several further
features disclosed above. In addition, the logic flows
depicted in the accompanying figures and/or described
herein do not necessarily require the particular order shown,
or sequential order, to achieve desirable results. Other imple-
mentations may be within the scope of the following claims.
1. A computer-implemented method, comprising:
applying a machine learning model to identify one or
more artefactual independent components comprising
transcranial magnetic stimulation electroencephalo-
gram data collected during a transcranial magnetic
stimulation procedure;
generating clean transcranial magnetic stimulation elec-
troencephalogram data by at least removing, from the
transcranial magnetic stimulation electroencephalo-
gram data, the one or more artefactual independent
components; and
performing, based at least on the clean transcranial mag-
netic stimulation electroencephalogram data, adjust-
ments to one or more parameters of the transcranial
magnetic stimulation procedure.
2-35. (canceled)
36. A system, comprising:
at least one processor; and
at least one memory including program code which when
executed by the at least one processor results in opera-
tions comprising:
applying a machine learning model to identify one or
more artefactual independent components compris-
ing transcranial magnetic stimulation electroen-
cephalogram data collected during a transcranial
magnetic stimulation procedure;
generating clean transcranial magnetic stimulation
electroencephalogram data by at least removing,
from the transcranial magnetic stimulation electro-
encephalogram data, the one or more artefactual
independent components; and
performing, based at least on the clean transcranial
magnetic stimulation electroencephalogram data,
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real-time adjustments to one or more parameters of
the transcranial magnetic stimulation procedure.

37-39. (canceled)

40. The system of claim 36, further comprising:

preprocessing the transcranial magnetic stimulation elec-

troencephalogram data; and

decomposing the preprocessed transcranial magnetic

stimulation electroencephalogram data into a plurality
of independent components, each of the plurality of
independent components comprising one of a plurality
of non-Gaussian signals forming a multivariate signal
corresponding to the transcranial magnetic stimulation
electroencephalogram data.

41-46. (canceled)

47. The system of claim 40, wherein the preprocessing
comptises:

epoching the transcranial magnetic stimulation electroen-

cephalogram data and/or re-referencing the transcranial
magnetic stimulation electroencephalogram data with
respect to a common average.

48. The system of claim 39, further comprising:

generating a feature vector corresponding to an indepen-

dent component from a plurality of independent com-
ponents comprising the transcranial magnetic stimula-
tion electroencephalogram data.

49. (canceled)

50. (canceled)

51. The system of claim 48, wherein the feature vector
includes a spatial range feature corresponding to an absolute
difference between a maximum and minimum voltage dif-
ferential present in a scalp map associated with the inde-
pendent component.

52. The system of claim 48, wherein the feature vector
includes a regional activation feature corresponding to an
absolute value of an average voltage differential recorded
within one or more specific regions of a scalp map associ-
ated with the independent component, and wherein the one
or more specific regions include a central region, a frontal
region, an occipital region, and/or temporal region of a
brain.

53. (canceled)

54. The system of claim 48, wherein the feature vector
includes a border activation feature corresponding to
whether an electrode recording the highest voltage differ-
ential in a scalp map associated with the independent
component is located on a border of the scalp map.

55. The system of claim 48, wherein the feature vector
includes a horizontal eye movement feature corresponding
to a result of a comparison between a scalp map associated
with the independent component and a template scalp map
associated with horizontal eye movement, the result of the
comparison comprising an absolute correlation coeflicient
indicative of a degree of correspondence between the scalp
map of the independent component and the template scalp
map for horizontal eye movement.

56. The system of claim 48, wherein the feature vector
includes an eye blinking feature corresponding to a result of
a comparison between a scalp map associated with the
independent component and a template scalp map associated
with eye blinking movements, the result of the comparison
comprising an absolute correlation coeflicient indicative of
a degree of correspondence between the scalp map of the
independent component and the template scalp map for eye
blinking movements, and wherein the eye blinking move-
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ment comprises transcranial magnetic stimulation-evoked
eye blinking movements and/or voluntary eye blinking
movements.

57. (canceled)

58. The system of claim 48, wherein the feature vector
includes an electrocardiogram artifact feature corresponding
to a result of a comparison between a scalp map associated
with the independent component and a plurality of template
scalp maps associated with cardiac contractions, the elec-
trocardiogram artifact feature being a value indicating
whether a maximum correlation coeflicient of the compari-
son between the scalp map for the independent component
and the plurality of template scalp maps exceeds a threshold
value.

59. The system of claim 48, wherein the feature vector
includes an electrocardiogram temporal feature correspond-
ing to whether a number of peaks present in the independent
component exceeds a threshold value, wherein the indepen-
dent component is decomposed by at least applying a
Daubechies least-asymmetric wavelet, and wherein the inde-
pendent component is decomposed to enable peak detection
to be performed in a wavelet domain instead of a time
domain.

60. (canceled)

61. The system of claim 48, wherein the feature vector
includes a source activity features corresponding to a com-
plexity of a source pattern associated with the independent
component.

62. The system of claim 48, wherein the feature vector
includes a maximum magnitude feature corresponding to a
maximum voltage differential that is recorded across a
plurality of trials of transcranial magnetic stimuli that are
administered during the transcranial magnetic stimulation
procedure, and wherein each trial of transcranial magnetic
stimuli comprises an administration of a single transcranial
magnetic stimulation pulse, a pair of transcranial magnetic
stimulation pulses, and/or a train of transcranial magnetic
stimulation pulses.

63. (canceled)

64. The system of claim 48, wherein the feature vector
includes a short-time magnitude feature corresponding to
one or more transcranial magnetic stimulation-evoked
potential peaks present in the independent component, and
wherein the one or more transcranial magnetic stimulation-
evoked potential peaks are identified by at least determining
a mean magnitude of voltage differentials recorded over a
plurality of time windows.
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65. (canceled)

66. (canceled)

67. The system of claim 48, wherein the feature vector
includes a skewness feature corresponding to a measure of
asymmetry in a probability distribution of transcranial mag-
netic stimulation electroencephalogram data.

68. The system of claim 48, wherein the feature vector
includes a band-power feature corresponding to a band-
power for a theta band between 4 Hertz and 7 Hertz, an alpha
band between 8 Hertz and 12 Hertz, a beta band between 13
Hertz and 30 Hertz, and/or a gamma band between 31 Hertz
and 50 Hertz.

69. The system of claim 48, wherein the feature vector
includes a first electroencephalogram spectral feature cor-
responding to a mean fit error between an actual spectrum of
the independent component and a fitted shape of an elec-
troencephalogram spectrum within an alpha band between 8
Hertz and 12 Hertz.

70. The system of claim 48, wherein the feature vector
includes a first electroencephalogram spectral feature cor-
responding to a value of a parameter b in the following
equation:

a
y:F+c(b>O).

71. A non-transitory computer-readable storage medium
including program code, which when executed by at least
one data processor, cause operations comprising:

applying a machine learning model to identify one or

more artefactual independent components comprising
transcranial magnetic stimulation electroencephalo-
gram data collected during a transcranial magnetic
stimulation procedure;

generating clean transcranial magnetic stimulation elec-

troencephalogram data by at least removing, from the
transcranial magpetic stimulation electroencephalo-
gram data, the one or more artefactual independent
components; and

performing, based at least on the clean transcranial mag-

netic stimulation electroencephalogram data, real-time
adjustments to one or more parameters of the transcra-
nial magnetic stimulation procedure.

72. (canceled)

73. (canceled)
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