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Abstract.

Objective. .

Semantic concepts are coherent entities within our minds. They underpin our thought
processes and are a part of the basis for ‘eurrunderstanding of the world. Modern
neuroscience research is increasingly exploring how individual semantic concepts are
encoded within our brains and a mumber of studies are beginning to reveal key
patterns of neural activity that.underpin specific concepts. Building upon this
basic understanding of the process of semantic neural encoding, neural engineers are
beginning to explore tools and methods for semantic decoding: identifying which
semantic concepts am,individual is focused on at a given moment in time from
recordings of theirmeurabactivity. In this paper we review the current literature
on semantic neural decoding.

N
Approach.

We conducted this review according to the Preferred Reporting Items for Systematic
reviews/and Meta-Analysis (PRISMA) guidelines. Specifically, we assess the eligibility
of published peer-reviewed reports via a search of PubMed and Google Scholar. We
identify a total of 74 studies in which semantic neural decoding is used to attempt to
identify individual semantic concepts from neural activity.

Reésults.

Our-réview reveals how modern neuroscientific tools have been developed to allow
décoding of individual concepts from a range of neuroimaging modalities. We discuss
specific neuroimaging methods, experimental designs, and machine learning pipelines
that are employed to aid the decoding of semantic concepts. We quantify the efficacy
of semantic decoders by measuring information transfer rates. We also discuss current
challenges presented by this research area and present some possible solutions. Finally,
we discuss some possible emerging and speculative future directions for this research
area.
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Significance.

Semantic decoding is a rapidly growing area of research. However, despite its
increasingly widespread popularity and use in neuroscientific research this is the fir
literature review focusing on this topic across neuroimaging modalities and wit
focus on quantifying the efficacy of semantic decoders. rs

Keywords: semantic decoding, conceptual decoding, semantic concepts, liter

view, functional magnetic resonance imagining (fMRI), functional near infr ec-
troscopy (fNIRS), electroencephalography (EEG), magnetoencephalogr
electrocorticography (ECoG), intracranial electrodes
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1. Introduction

Our experience of the world has long being
regarded by some philosophers as an internal
subjective experience that is individual to us
[T, 2]. We may have tasted the same apples,
smelt the same roses, and heard the same bird
song as our neighbours, but our individual
mental states have long been thought to have
a very distinct and subjective nature [IJ.
Many philosophers refer to this individual
introspective experience as our ‘qualia’, our
own introspectively accessible experience of
the world [1I, 2].
by some, to be impossible to know, with

It has long been considered,

absolute certainty, how anyone else experiences
the world.

While this may remain true, modern
neuroscience is increasingly beginning to reveal
how our brains respond to specific experiences
within the world.

specific patterns of activity occur in the brain

We now know what

as we eat an apple, or smell a rose, andy
broadly speaking, for many people the parts
of the brain that become active during:these
experiences are similar [3, [4] 2].

Indeed a significant portion of modern
neuroscience is focused on exac¢tly how ‘our
conscious mental states as we experience the
world (our ‘qualia’) relate to the activity in our
brains [5].
in recent years with (the dewelopment of

This work has.rapidly, accelerated

modern, non-invasive, neuroimaging tools that
are capable of observing activity in our brains
in real-time [6].

Techniques’ such “assfunctional magnetic
resonance imaging (developed in the 1990’s [7,
8]) and elegtroencephalography (developed be-
tween the 1870’s fo 1890’s [9], but much more
recently coupled’ with powerful computer-
driven. statistical analysis techniques) have
been combined with studies of neurological

aetiologies to revolutionise our understanding
of how semantic concepts are encoded in the
brain. This new understanding of how»our
brains encode semantic concepts has given rise
to a further field of study, semantic deceding,
defined as the decoding of semantic concepts
from recordings of our brain activity.

Semantic decoding refers.to acombination
of hardware and software systems that may
be employed to identifyythe specific semantic
concept(s) an individual#is® focused on, or
thinking of, frompa recording of their brain
activity [10]. It is a teehnique which opens the
doors to a widerange of exciting possibilities
and future applications.

In this literature review we review the
currentestate of the art research in semantic
decoding inethotls.
roimaging methods and experimental designs

We discuss current neu-

used in semantic decoding and how they may
be combined with machine learning pipelines
to reveal which specific semantic concepts an
individual is focused on. We also discuss
the current challenges in this research area,
including how to effectively combine multi-
modal neuroimaging techniques to more accu-
rately decode semantic concepts and how to
develop effective machine learning methods to
deal with the typically large, non-stationary,
noisy, multi-dimensional datasets involved in
this work. Finally, we discuss some current
and future applications of this research area.

2. Literature review methods

2.1. Study selection

To review the topic of semantic decoding
we following the Preferred Reporting Items
for Systematic reviews and Meta-Analysis
(PRISMA) guidelines [I1]. We systematically
searched within PubMed and Google Scholar
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databases to identify papers which report
The
search was run in January 2022 and the search

neural semantic decoding attempts.

queries used for each database are listed in
Table [l

We first removed duplicate results that
arose from our four search queries. We then
screened the records for their relevance. Specif-
ically, we included papers which described at-
tempts to build and evaluate models that are
able to decode the individual discrete semantic
concepts an individual participant was focused
on at a discrete moment of time from record-
ings of their neural activity. Consequently, we
screened the records according to the criteria
set out in Table 2

To further identify additional articles not
found by our initial search queries each of the
articles short-listed by applying the screening
criteria in Table were then inspected.
Specifically, the reference list from each article
was also screened according to the criteriain:
Table 2  This produced a final list of 74
articles which describe attempts teondevelop
and evaluate neural semantic decoders.

2.2. Definitions ~

2.2.1. Semantic concepts At the most basic
level a concept is the idea‘of what semething
is or how it works and may be held in,the mind
or expressed in language. Semantics refers
to the study of meaning. Thus, a semantic
concept may be defined as themeaning of what
something is or how it works. This may be
distinguished frem'a perceptual concept, which
defines how a ¢oncept 48 perceived (e.g. how it
looks or sounds).

Within the field of neuroscience it has
been known, for/ some time that different
neural systems exist for semantic processing

of concepts and perceptual processing of those

same concepts [12]. Specifically, early work by
Elizabeth Warrington described how patients
could match perceptual features ofdfobjects
without being able to match descriptions of the
objects with their names.

More recently, the specific neure-anatomical
basis of these systems have been identified in
detail by a series of neurcimaging studies as
well as studies of individuals with neurologi-
cal aetiologies that effeetytheir ability to access
semantic memory [I3]. Specifically, seman-
tic memory (the proecess of retrieving seman-
tic information relatedsto a concept) involves
a distributed-plus-hub network in which a dis-
tributed network ofibrain regions selectively
respond to modality, specific features, while a
central.semantic hub acts to represent seman-
tic similarity between concepts. There is con-
siderable evidence locating this hub within the
leftyhemisphere anterior temporal lobe [13].

A'widely supported theory describing how
semantic concepts are encoded in the brain
is embodiment theory. This states that the
meaning of a concept is situated within our
experience of the world [I4]. So for example,
the concept of a tool is situated within our
understanding of how tools are used (they are
held in the hands, they are used to manipulate
other objects, etc.). This may be contrasted
with other approaches, which state that the
meaning of a concept is grounded in abstract
symbols or in a universal organisational system
[15].

Neuroimaging support for both embod-
iment theory and the distributed-plus-hub
model comes from functional magnetic reso-
nance imagining (fMRI) studies, which report
significant changes in blood flow within both
brain regions responsible for percepto-motor
circuits during processing of words related to
perception of motion and the anterior tempo-
ral lobe. For example, processing of words re-

Page 4 of 37
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Table 1: Search queries used to identify articles relating to neural semantic decoding.

Database

Query

PubMed

((semantic AND decoding) OR (semantic AND prediction) OR“(concept AND
prediction) OR (concept AND decoding) OR (noun AND predictien) OR (noun
AND decoding)) AND (”brain activity” OR neural)

PubMed

((semantic AND decoding) OR (semantic AND prediction) OR, (concept
AND prediction) OR (concept AND decoding) OR (neun AND /prediction)
OR (noun AND decoding)) AND (EEG OR electroencepRalography OR
electroencephalogram OR fMRI OR ”functional magnetic resonance imaging”
OR MEG OR 7"magnetoencephalogram” OR "magnetoencephalography”
OR {NIRS OR ’functional near infrared speetroscopy” OR ECoG OR
”electrocortiography”)

PubMed

((semantic AND decoding) OR, (semantig?AND prediction) OR (concept AND
prediction) OR (concept AND decoding) OR{/(noun"AND prediction) OR (noun
AND decoding)) AND (‘intracranial EEG” OR iEEG OR ‘stereotactic EEG” OR
sEEG OR ‘invasive EEG’ OR ‘depth electrodes’” OR ‘implanted electrodes’” OR
‘human single-unit’ OR ‘human single neuron’ OR ‘concept cells’)

Google
Scholar

allintitle: (semantic AND decoding AND "brain activity”) OR (semantic
AND decoding AND“neural) OR (semantic AND decoding) OR (semantic
AND prediction AND Zbrain_activity”) OR (semantic AND prediction AND
neural) OR (semantic AND prediction) OR (concept AND prediction AND
"brain activity”) OR{(eoneept AND prediction AND neural) OR (concept AND
prediction) OR (¢oncept AND decoding AND "brain activity”) OR (concept
AND decodinggAND neural) OR (concept AND decoding) OR (noun AND
prediction AND Zbrain activity”) OR (noun AND prediction AND neural) OR
(noun AND prediction) OR (noun AND decoding AND ”brain activity”) OR
(noun AND decoding AND neural) OR (noun AND decoding)

lated to tools hastbeen, shown to activate the
sensori-motor cortex [16].

For the purpeses of our review we define a
semantic ¢oncept as an idea of what something
is or how ‘itaworks that is independent of the
perceptual features of the concept such as how
it looks or how it sounds.

Semantic encoding may be broadly described

Semantic encoding and decoding

as the study of how the brain encodes specific
concepts. This includes studying how specific
brain regions are involved in the encoding of
concepts, as well as exploring how networks of
brain regions work together to encode specific
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Table 2: Screening criteria for records returned
by search queries.

Criteria

Include  Report describes an attempt
to develop and evaluate, on
humans, a model capable of

neural semantic decoding.

Include  Clear description of methods
and results in terms of decod-

ing accuracy / efficacy.

Include  Report published in a peer re-
viewed article (journal, con-
ference, or peer-reviewed book

chapter).

Exclude Review, position, theory, and

discussion articles.

semantic concepts [17].

In general, semantic encoding andidecod-
ing may be realised by constructing encoding
and decoding models [I8],19]. Semantic encod-
ing models are a group of modelling techniqués
that seek to predict brain activity from stimuli,
while semantic decoding medels seek.to predict
the stimuli from neural activityy[10].

Both types of model invelve the develop-
ment of signal processing and machine learning
pipelines to relate distinet semantic categories
to recordings of neural activity. Consequently,
these models aresdfrequently confused with one
another in the literature [10]. Indeed, encoding
and decoding,models are often closely related
to one another. Adthough, an encoding model
is not a neeessary prerequisite of a decoding
model, it has two advantages over a decod-
ing, model."wFirst, it can in principle provide

a complete description of the related encoding
process, while a decoding model can provide
only a partial description. Second, it"can,be
transformed into an optimal decoding model,
a process which is more diffictalt the other way
around [10].

Encoding and decoding models are,appli-
cable to a wide range of guestions in neuro-
science. For example, decodingamnodels have
been developed to decede scenes from a TV
show viewed by indiygiduals [20], faces seen by
individuals [21], pieces of music heard by par-
ticipants [22], and the quantity of displayed ob-
jects [23].

In our’ review :swe focus on decoding
models applied to the problem of semantic
decodingyy, identifying the single coherent
semantic goncept an individual is focused on at
a given discrete epoch of time from recordings

of their neural activity.

3. Results

3nl. Outline

Figure illustrates the process of study
selection and the resulting number of identified
studies.

A wide range of different neuroimaging
tools and methods have been employed
by researchers seeking to decode semantic
concepts from the brain.

Semantic decoding models seek to identify
the discrete semantic concepts an individual is
focused on at a given moment in time. Conse-
quently, neural semantic decoding studies start
with an experiment that is designed to cue par-
ticipants to focus their attention on single se-
mantic concepts for discrete periods of time.
Neural activity is recorded while participants
are cued to pay attention to a single concept.

This recorded neural activity is then processed

Page 6 of 37
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[ Identification of studies via databases and registers

J

[ Identification of studies via other methods

as )

]

Records removed before
screening:
Duplicate records removed
(n =552)
Records marked as ineligible
by automation tools (n = 0)
Records removed for other
reasons (n = 0)

Records identified from:
Pubmed (n = 4648)
Google Scholar (n = 21)

\4

Identification

[

Records removed before
screening:
Records identified from: DuBIicate records removed

Citation searching (n = 520) > (n = 224)

Records marked as ineligible

by automation tools (n = 0)
Records removed for other
reasons (n = 0)

|

)

}

Reports sought for retrieval o | Reports not retrieved
(n=4117) |l (n=1)

Reports sought for retrieval
(n =296)

Reports not retrieved
(n=0)

v

l

e !
c
E Reports assessed for eligibility Reports assessed for eligibility
7 (n=4116) —¥| Reports excluded: (n = 296) ~»| Reports excluded:
Incl. criteria 1 unmet (n = 4033) Inclzcriteria 1 unmet (n = 207)
Incl. criteria 2 unmet (n = 36) cl. criteria 2 unmet (n = 28)
Incl. criteria 3 unmet (n = 0) Ingl. criteria 3 unmet (n = 0)
Excl. criteria 1 met (n = 13) Excl. criteria 1 met (n = 21)
\4
°
5 Studies included in review
3 (n=74)
=
Figure 1: Study selection flewchart.
L
to remove signal noise and increase the signal ¢ space in  tightly controlled conditions for
to noise ratio of key discriminative features. ‘extended periods of time. Consequently, fMRI

Semantic decoding models are then trained on
these features and evaluated in terms of their
decoding accuracy.

3.2. Neuroimaging methods

Table Bl enumerates the modalities Qsed in
neural semantic decoding studies.

The majority of decoding studies to date
have used fMRI. This is due, in large part,
to the superior spatial resolution provided by
fMRI, which allows whole brain‘meuroimaging.
the fMRL.does. hayve a number

of disadvantages when 4t comes to studying

However,

brain activity related to semantic meaning.
Specifically, fMRI has“a particularly poor
temporal resolution and is only able to detect
and monitor changes’in oxygenated blood flow
(BOLD) that follow electrophysiological neural
activity by 2=4sseconds [98]. Additionally,
fMRIvisy extremely expensive, cumbersome,
and\requires participants to lie in a confined

studies typically focus on small numbers of
participants and are often only able to answer
relatively straightforward questions [99].

In contrast, electro-physiological neu-
roimaging methods, such as electroencephalog-
raphy (EEG)
(MEG), provide a direct recording of neural

or magnetoencephalography
activity in mainly cortical neurons with a very
high temporal resolution. This provides the
potential to explore how semantic encoding
patterns change over time [82] at the cost of
a considerably poorer spatial resolution.

EEG has been explored as a tool for
semantic decoding by a relatively small
number of authors and has been demonstrated,
in some circumstances, to be able to reveal
activity related to processing of a subset of
semantic concepts. For example in work
by Murphy and colleagues [25] differences in
EEG correlates of the concepts for ‘tools” and

‘mammals’ were reported to allow a mean
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Table 3: Modalities used for developing neural decoding accuracy of 72%.  Additionally,

semantic decoding models. work by Simanova and colleagues [24] reported

oNOYTULT D WN =

semantic decoding for the concepts of ‘animals’

Modality No. References and ‘tools’ with a mean accuracy of up to 79 %:.
Two alternative neuroimaging techmniques

EECG 5 124, 25, 26, 27, 28] that provide direct recordings_ of electrophys-
iological neural activity with the same high

EEC + 3 129, 130, 131 temporal resolution as the EEG, while also af-
MEG fording a high spatial resolution and specificity,
EEG + 1 132] are macro intracranial eleetrodes (such as elec-
ECoG + trocorticogram (ECo(G) and Stereoencephalog-
SEEG raphy (SEEG)) and ‘micro dntracranial elec-
fMRI 45 33, 34, B, 36, 37, 138, trodes. Macro intracranial electrodes record
30, [40L 41, 49, @3 44 neural activity from large groups of neurons

457 467 477 487 49, 50’ via a grid of electrodes. This grid is either

517 527 537 547 557 567 placed directly on the cortical surface under

57, 58, 59, 60, 61, 62, the skullpnin the case of ECoG [100], or can

637 647 65’ 66’ 67’ 68’ be placed/at a, wide range of locations in the

697 707 71, 72, 737 747 brain, in' the ¢ase of SEEG [101]. On the other

75: 76: 77]7 B hand, micro intracranial electrodes allow ac-

fMRI  + 1 78] tivity to.be recorded from individual neurons
MEC at amy position in the brain. Consequently,
both techniques provide signals with high spa-

fNIRS 9 [79, K0] tial and temporal resolution that have high sig-
nal to noise ratios. However, this comes at

MEG 6 8T, 182, 83, 184, 85, 6] the cost of coverage (ECoG and SEEG only
~ cover a limited region of the brain and mi-

Macro 9 87, 188, 89, 00} 91402, cro electrodes only allow recordings from a
clectrodes 93, 94,95] few dozen individual neurons) and with the
(ECoG, added risk from the brain surgery that is nec-
SEEQ) essary to implant the electrodes. A set of
studies have demonstrated that recordings of

Micro elec- 2 196, 97] ECoG signals, SEEG signals, and micro elec-
trodos trodes may be used for semantic decoding

87, 188, 189, [90, 93, 94, 96, 05, 07].

In contrast, recent work has demonstrated
that it is possible to differentiate semantic
concepts from functional near infrared spec-
troscopy (fNIRS) [79,[80]. For example, recent
work by Rybar and colleagues [80] reported a
mean decoding accuracy of up to 80.9% for
differentiating the concepts of ‘animals’ and
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‘tools’. fNIRS records levels of oxygenated and
de-oxygenated haemoglobin in the cortex by
shining an infra-red light through the skull and
measuring how the reflected and refracted light
changes with blood flow. It measures the same
physiological process as fMRI, while allowing
participants to sit or move more freely, which
enables a wider range of experiment designs at
the cost of lower spatial resolution and cover-
age.

Techniques that record electrophysiolog-
ical brain activity, such as EEG, provide a
direct measure of neural activity as it hap-
pens with very high time resolution, whereas
blood flow based neuroimaging methods, such
as fNIRS, are only able to provide indirect
measures of neural activity via changes in the
concentration of haemoglobin, a time delayed
and spatially imprecise response to electro-
An addi-

tional consideration is that non-invasive tech-

physiological neural activity [99].

nology, such as EEG and fNIRS, are relatively
cheap and portable, potentially allowing their
use in experiments that better capture every-
day use of semantic concepts.

However, the considerably poorer spatial
EQG and
fNIRS presents a significant challenge when

resolution of technologies such as

compared to technologies that,provide a higher
resolution recording of brain activity such as
fMRI, and this is reflecteddn the corrésponding
number of semantic decoding publications that
make use of each techmique. This is because
different semantic /concépts. ecan be spatially
encoded throughoutthe brain, including in
sub-cortical regions [72] which can be observed
by fMRI but,
to measure with ‘sealp based measurement
technologies [102]:

Indeed, “work by Murphy and Poesio

conventionally, are harder

suggestspthat the ability to identify semantic
coneepts from the EEG is closely related to the

ease with which the associated neural activity
may be identified from electrophysiological
recordings of cortical brain activity™ (EEG
and MEG). For example, the concepts of
‘tools” and ‘mammals’ are differentiable. from
EEG data alone [25] and fMRI neuroimaging
work by Pulvermiiller and coelleagues [16] has
shown these two concepts_involve activations
in the sensorimotor amd parietal cortices,
which are cortical regions observable via EEG.
Conversely, other semanti¢ ¢oncepts that are,
perhaps, more complexin nature (e.g. such as
specific foods or ‘hungex’)have been shown to
involve sub-cortical brain areas, making them
potentially €onsiderably harder to identify via
current nen-invasive,neuroimaging techniques
[72).
L

3.3. Open datasets

A, “small proportion of the neuroimaging
datasets” that have been recorded during
studies developing and evaluating neural
semantic decoders have been made publicly
available, allowing other research groups to
re-use datasets to develop and evaluate new
methods.
for developing and evaluating neural semantic
decoders in Table We also list which
study originally recorded the dataset and other

We list publicly available datasets

studies which have made use of the same
dataset.

Note, a number of studies (such as [52] [71]
911, 194]) make use of datasets recorded in other
studies but not made publicly available. This
is typically because the studies were conducted
within the same lab and re-used data that was
available in the lab but not publicly available.
A small number of studies make use of data
that is described as being available on request,
either to eligible researchers [38], or to all

[45, 82]. However, these datasets are not



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 10

published. Finally, one study by Carlson and
colleagues, used data that is described in the
study as publicly available [63]. However, on
further investigation the data was found to no
longer be publicly available because the archive
site was taken down due to lack of funding. We
do not include these datasets in Table [l

3.4. Ezrperimental design

The experimental design is probably the most
important set of decisions to make when
attempting semantic decoding.  Here, we
review three crucial elements of experimental
design: semantic concepts and categories,

mental tasks, and stimulus or cue presentation.

3.4.1.
The semantic categories that neural semantic

Semantic concepts and categories

decoders have been trained to differentiate
vary from study to study. However, there
are some groups of semantic categories that
are frequently used to train and evaluate
neural semantic decoders. Figure [2] illustrates
which pairs of semantic categories semantic
neural decoders have been developed  to
differentiate.  Specifically, we illustrate a
network on semantic categories where teach
node represents an individual \catégory and
each edge represents an“attemptnte’ build
a decoder to differentiate these categories.
The size of the nodes i§ propoxtional to the
number of studies that wreport) attempts to
build decoders that' recognise that category,
while the widths of the edges hetween pairs
of nodes are proportional to the number of
studies that report attempts to differentiate
those pairs.oficategories.

The most frequently differentiated seman-
tic categories.include animals and tools [80, 24]
355038, 811, [42], 165, 67, [69] 72, 93], tools and
buildings [81542] 65, 67, 69, [72], and animals

and body parts [79], 8], 42, 28] 65], 67, 69, /72].
Several studies have also shown that it is pos-
sible to differentiate more than two semantiec
categories at a time [59, [60] 65], 67, 85, [69].
There is
of semantic categories that arenfrequently
decoded, body

parts, and animals. Howeyves, ithis important

a relatively €/dense “metwork

including tools,  buildings,
to note that this may not necessarily indicate
that these specific conceptsare easier to decode
than other concepts) as many authors opt to
replicate and extend the work of other authors,
particularly when selecting which categories to
attempt to decode.

We also identified’a set of studies focused
on differentiating ‘individual concepts within
a singleseategory [36, 72, R1, 40} [79, B8], for
instance, /physiés concepts [40], sets of 180
words [39], and sets of 240 sentences [73]. We
didynot inelude these studies in Figure [2| to
aveid ever-complicating the illustration.

The selection of semantic categories and
concepts is occasionally not clearly justified
and only a few studies have focused on
this problem in detail. Several studies used
concepts based on previous research. For
instance, Bauer and colleagues [37] used
concepts based on a previous behavioural
study that collected pairwise dissimilarity
ratings. While, a small number of studies
employed a data-driven strategy to generate
the concepts or the semantic categories.
For instance, Pereira and colleagues [39]
partitioned a semantic vector space, which was
used to encode individual concepts (see section
, by a clustering method and a core concept

was selected from each region.

3.4.2. Tasks
tal tasks have been used in semantic decoding

A wide variety of different men-

studies to date. These are enumerated in Table
bl They all share the common goal of encour-

Page 10 of 37
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Table 4: Publicly available datasets for developing and evaluating semantic decoding models.

Modality Available at Reported Resusedin

ECoG http://klab.tch.harvard.edu/resources/ [88] [89]
liuetal_timing3.html#sthash.BiYFH24Z.dpbs

ECoG https://purl.stanford.edu/xd109gh3109 [92]

Micro electrodes https://github.com/rebrowski/ [97]

~

abstractRepresentationsInMTL

EEG https://www.cs.cmu.edu/~tom/science2008/ |72 [69]

fMRI https://openneuro.org/datasets/ds000105/  [75] [43]
versions/00001

fMRI https: //datadryad.org/stash/dataset/dgi: [49]
10.5061/dryad. vmcvdncpf

fMRI https://www.cs.cmu.edu/~tom/science2008/  [72] [65]

69]

aging participants to hold a target concept in
their minds, while at the same timle manyraiim
to also test participants focus during the ex-
periment.

In the “silent naming” task [29, 25 49,
80, 31, [76], participantsfare asked to silently
name, in their minds, & semanti¢ concept. An
alternative, related task, is the “aloud naming”
task [87, B1l, 59, 90, R3] in whichyparticipants
name the concept’aloud.This task has the
advantage that participant responses can be
recorded.

Many studies, [36, [72, B4, 33, 40, 37
69, 41, 4246, 60, (6, 65, 67, 62] asked
participants to think of the same properties
of the semantic concept in each experimental

trial. Each participant was asked to come
up with a set of properties for each concept
before the start of the experiment. Several
studies [87, [49] restricted the properties to
various sensory and motor properties. A study
by Zinszer and colleagues [79] removed the
constraint of generating the properties before
the experiment and let participants think
freely about the meaning of the given concept
or any memory it evoked. Conversely, a study
by Bauer and Just [58] asked participants
to think about features of animals that they
had been taught about thus far.

and colleagues [39] asked participants to think

Pereira

about the meaning of the concept in the given
context (in a sentence, with an accompanying


http://klab.tch.harvard.edu/resources/liuetal_timing3.html#sthash.BiYFH24Z.dpbs
http://klab.tch.harvard.edu/resources/liuetal_timing3.html#sthash.BiYFH24Z.dpbs
https://purl.stanford.edu/xd109qh3109
https://github.com/rebrowski/abstractRepresentationsInMTL
https://github.com/rebrowski/abstractRepresentationsInMTL
https://www.cs.cmu.edu/~tom/science2008/
https://openneuro.org/datasets/ds000105/versions/00001
https://openneuro.org/datasets/ds000105/versions/00001
https://datadryad.org/stash/dataset/doi:10.5061/dryad.vmcvdncpf
https://datadryad.org/stash/dataset/doi:10.5061/dryad.vmcvdncpf
https://www.cs.cmu.edu/~tom/science2008/
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Table 5: Mental tasks used by the semantic decoding studies. Note, some studies employ .two

or more task types and, therefore, appear in 2 or more rows.

Task type  Specific task References
, silent naming task [29425], 49,805 31, [70]

Naming .
aloud naming task [87, 31,69, 00, 83]
silent properties generation (think about a consistent pre- 36l 72 34, 33, [40], 37, 69,
generated set of properties) A1), 1425/46), 60, [56], 65, [67]

Properties  think about sensory and motor properties of the concept [87,%49]
think about taught features 58]
think about characteristics of the concept 162]
think freely about meaning of stimulus or evoked memories . [79]
contextual meaning reflection (think about the meaning of the [39, O1], [04]
concepts in the given context)

Meaning think about associated situation with the concept [53), [71]
contextual meaning reflection (think about overall meaning of 73], (66, 45] [54] 61], [74]
a sentence/phrase) 2
read story then answer comprehension question [52]
visual imagery, auditory imagery; tactile imagery [80]

Imagery generate detailed mental images as similar as possible to pre- [68]
seen images
out-of-category recognition [24], 35, 27]
in-category recognition [47, 28]
yes/no questions [81]
size judgement [30]
orientation judgement [92]
category specific judgement [32, 96, [97]
answer whether it can be directly experienced with senses [64], 55]

Category / concept similarity judgment (scale 1-4) [57]

property semantic similarity. of 2 words to a key word [48]

recognition semantic ¢ongruity judgment [70]
name the colour of the object or the background [83]
silently name @word from a cued category with a cued initial [84]
letter
oddball task [78, 82, [86, 62}, O3]
1-back task [82], 188, 89, [85]
I-back match task [51), [75], [95]
delayed matching [63], [77]
remember all six elements presented in a sequence [26]

. name an object that was closest to the one shown in the [87]

Object )

recognition plc.ture. . . -
object identification + naming [38]

Passive passive task [43, B0, BT, 44 63]
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Figure 2: Semantic categories that neural semantic decoders have lzeen developed to differentiate.

The size of the nodes is proportional to the number of studies that have investigated a particular

category, while the width of the edges between{nodes is preportional to the number of studies

that have reported attempts to build decoders to differentiate particular pairs of concepts. Note,

the positions of the concepts in the network diagram, are arbitrary.

image, or with accompanying doncepts).
While, a study by Rybér and colleaguesy[80]
restricted the imagery modalities (to three
different tasks in which participantsswere asked
to visualize the concept in their minds; imagine
the sounds made by the concept; and imagine
the feeling of touching the coneept (a concrete
object). Additionally, a study, by:Reddy and
colleagues [68] asked participants to vividly
imagine detailed mental images as similar as
possible to pre-seen images.

In a work by Amderson and colleagues
[53, [71], parti¢ipants were asked to imagine
a situation that, they individually associated
with the feoncept. " Some related research
focused on more complex concepts or scenarios
described by sentences, typically one sentence
was presented one word (or phrase) at a time

and participants were asked to think about the
meaning of each phrase as it appeared and then
the overall meaning of the sentence [73], (66, 145
54, 61]. For more information in this direction,
see related research on encoding or decoding
of episodic recollection and autobiographical
memory [103, 104], 105, 106 107, 108, 109, 110,
IT1], or procedural knowledge [112].

In several studies [24, 35, 27, 147, 28],
participants were presented with target and
non-target semantic categories and asked to
respond upon the appearance of items from the
non-target (or target) category, for instance,

While, in
participants

by pressing a mouse button.
some studies [82 &8, 89, [85],
were asked to press a button if any image
repeated itself consecutively (1-back task) to
ensure that participants were paying attention.
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Studies by a few researchers [51], [75], [05] used
a 1l-back match task in which participants
were asked to judge whether the category
matched the category presented immediately
before. Studies by Carlson and colleagues
and by Niazi and colleagues [63, [77] used
delay matching in which participants indicated
which choice of stimulus matched the target
stimuli presented previously. Additionally, a
study by Alizadeh and colleagues [26] asked
participants to remember all six elements
presented in a sequence.

Other studies rather focused on other
semantic aspects of the concepts. For
example, in a study by Sudre and colleagues
[81], participants answered semantic yes/no
questions for concrete nouns (e.g. “Was it ever
alive?” “Can you pick it up?”). In a study
by Chan and colleagues [30], participants
responded based on a size judgement of the
concept, i.e. smaller or larger than 0.3 meters
in any dimension, while in a study by Miller
and colleagues [92] the orientation of an image
stimuli was used as a form of oddball task.
Studies by Fernandino and colleagues[64]
Ho] asked participants whether the (stimulus;
either a word or a pseudoword, refe{red to
something that can be experienced through the
senses. In a study by Wei and colléagues [87],
participants were instructed to.name a concept
that was closest to thedone. shown in the
picture. While, Kivisaari and colleagues [3§]
provided three verbalselues for/each concept
(e.g. “has 4 legs”, fis found.in the savannah”,
“has a trunk”) and participants attempted to
identify the concept. In a study by Simanova
and colleagues'[84], participants were asked to
internally produce aword in the cued semantic
category with the initial cued letter. Dehghani
and colleaguesa52] conducted a study in
which participants were asked to read a story
and\theén answer a comprehension question.

Similarly, in a study by Mahon and Caramazza
[57], participants were asked to judge the
conceptual similarity of two objects on'a'seale
from 1 to 4, while Wang and colleagues [48]
asked participants to judge which of two.words
was most similar to a key word. nn a study
by Li and colleagues [7(], participants were
asked to silently judge semanti¢icongruity of
the presented stimuli with a cued category.
Finally, in a study bysHenari-Jahromi and
colleagues [83] participantswere asked to name
the colour of the gbjeet or the background (in
images)

However, “several studies used passive
tasks, for instance, passive viewing of images
[63, 43], spassive reading [50], and passive
listeningw[31,044]. It has been shown that
the viewed objeet can be identified from the
passive (viewing of images [113, 114, 115,
L1645, [117,°118], which is the focus of the
field ofrimage retrieval. The same argument
applies for instance for speech production and
passive listening. For this reason, passive
tasks alone may not be sufficient to allow
semantic decoding. To mitigate this issue and
ensure participants attention, several studies
[78, [82], 86, 62], O3] included an oddball task
in which participants were asked to respond,
typically by pressing a button, when a different
type of stimulus was presented.

3.4.8. Stimulus / cue The stimulus modal-
ities used to cue participants to focus on a
particular semantic category are enumerated
in Table [6l

The most common stimuli type used is a
visual image presentation modality, which 41
studies used. Stimuli included photographs
(grey-scale or coloured) or line drawings of
the concepts the participants were instructed
to focus on. In 12 studies written captions

or spoken words were added to the images.
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Table 6: Stimulus presentation modalities used
by the semantic decoding studies.

Modality References

[24], 36, 46, 67, 35, 25,
20, 87, 80, 43, 47, 28,
78, 82, 59, 83, K4, 63,
85, [70), ’S, B9, O3, [75,
96, [77), 95, 92, 97]

133, 34, 8T, B9, 8, 65,
69, 72, 74, 132

134, 79

image

image + written
caption

image + audi-
tory (speech)

auditory 24, 35, 30, 31, 27, 57,
(speech) 68, 94, [51, [38]
auditory (natu- [35] [44]

ral sounds)

[24], 35, 37, 30, [0, 41
12, (311, 146, 48, 49, 26,
53, 55, 56, 60, 62, 64,

written word

84, [0, 17T, 1]
written text or [39, 45 [50] 52| 61 66,
phrases 80, 73, [54]

Written words or text, presented all at once
or each word one by one, weré the “second
most used modality and were employed by 31
studies. Spoken words (or spécch) andmatural
sounds were used less often.and were employed
in only 12 studies.

A concern when ‘using cues to instruct
participants to focus on particular categories
is that the presentation | of the stimulus
may introduce’ potential” processing-related
confounds into the classification process. For
instance, focuging en.a concept while seeing its
image raises the question of what is used for
the differentiation between different concepts:
themwisual processing of the image (low-
level perceptual features), the imagination of

the concept, or some combination of brain
activities related to both processes. .Seme
studies explicitly analysed the influence, of
For

instance, Murphy and colleagues [25] examined

some of these possible confounds.

brightness, mean spatial frequencypand visual
complexity of the stimuli images. However, the
set of potential confounds.and methods (for
instance, how to measure imagescomplexity)
has not been comprehensively studied. An
alternative method is to use only certain brain
regions or networks in the analysis, typically
excluding visual areas, [39]. However, this
approach is omly feasible for neuroimaging
techniques avithy, goodsspatial resolution, such
as fMRIintracramial electrodes, or ECoG.
The separation of the task and stimulus
presentation  car¥ potentially avoid this issue,
see also/the related field of mental imagery
(118, 119, 120] 121, 122} 123]

3.5 Feature extraction

Depending on the recording modality, a
wide variety of features can be used for
In fMRI and fNIRS,
signals are typically epoched from 4 up
to 9
account for the haemodynamic delay in event-
related designs. EEG, MEG, and intracranial
electrode recordings are traditionally analysed

semantic decoding.

seconds after the stimulus onset to

in the temporal domain (e.g. ERP analysis),
the frequency domain to reveal the signal
power distribution over frequencies, or the
time-frequency domain for varying spectral
activities over time.

Apart from these traditional features,
studies have started to utilize domain-specific
multi-dimensional information in which each
concept is encoded by “semantic features” that
are not acquired from the recordings. The two
main approaches used can be categorized as
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attribute-based views and vector space models
of semantics, see also a recent review [124].

In the attribute-based view, a concept can
be encoded according to its semantic attributes
or features. Each attribute is assigned a value
or a set of values related to its probability,
weight, or importance [125], 126, 127, 128, 129].
A study by Sudre and colleagues in MEG [§]]
used a semantic knowledge base consisting of
This
dataset was collected by asking 218 questions

218 interpretable semantic attributes.

to a group of Amazon Mechanical Turk users
about the semantic properties of 1000 concrete
nouns [130} 81]. For example, some questions
were related to size, shape, surface properties,
context, and typical usage, with answers on a
scale of 1 to 5, and then rescaled to a range
of -1 to 1.
two-stage classifier with a layer of intermediate

In particular, they employed a

semantic features between the input features
While, Fernandino and
colleagues [64], 55] used a semantic model based

and the class label.

on five semantic attributes directly related to
sensory-motor processes: sound, colous, shape,
manipulability, and visual motion. Ratings for
these attributes on a scale from 0 to 6 were
collected for 900 words.

In another example, Andersonand. col-
leagues [66] used an experiential attribute
model with 65 attributes [126] that modelled
semantic representation using,people’s ratings
of their association with different attributes
Col-

lected attributes spanned sensory, motor, af-

of experience on a _sealenof 0 to 6.

fective, spatial, temporal, causal, social, and
abstract cognitive experiences. Lastly, a study
by Wang [73] ‘developed a set of 42 concept-
level semantic features. These binary features
included information from categories such as
the perceptualvand affective characteristics of
an entity. (e.g. whether it was man-made,

size, colour, temperature, positive affective va-

lence, and high affective arousal), animate be-
ings (person, human-group, animal), and time
and space properties (e.g. unenclosedssetting,
change of location). For exampley the noun
‘judge’ was encoded with the following fea-
tures: person, social norms, knowledge, and
communication. The study used an encoding
regression model to determine theé:xmapping be-
tween 42 semantic features as well'as 6 the-
matic role markers of phrases in sentences and
neural activation patterns@ssessed with {MRI.

In vector space models of semantics, au-
tomated methods camy,be used to learn se-
mantic features from the statistical properties
of words and phrases in large text corpora
[131], 132,133, 134,4135]. Computational lin-
guisticsdhas shown that contextual information
provides a'good®approximation to word mean-
ing [136, 137, 138, 139]. Mitchell and col-
leagues [72] developed a model to learn pre-
dictive relationships between the statistics of
word, co-occurrences (with a set of 25 verbs
in a large text corpus) and fMRI neural ac-
tivation patterns (BOLD activation patterns).
Zinszer and colleagues [79] used representa-
tional similarity-based neural decoding to test
whether semantic information of words and
pictures represented by textual co-occurrence
frequency in large text corpora is encoded in
fNIRS.

More recently, word2vec [140, [133] and
GloVe [I34] have become popular semantic
spaces [141],135]. In word2vec, semantic vector
representations are learnt in a way that a word
can be predicted given the average semantic
vector of the other words in the context (e.g.
5 words before and 5 words after the word
of interest). In GloVe, representations are
created in a way that the dot product of two
vectors equals the logarithm of the probability
of the associated words co-occurring in text.
For instance, Pereira and colleagues [39] used
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GloVe to decode individual word meanings
in fMRI while participants were instructed to
think about the meaning of a target word
in the given context (either in a sentence,
with an accompanying image or accompanying
words). Djokic and colleagues [50] investigated
processing of literal and metaphoric sentences
in fMRI using GloVe, a visual model, and a
While, Kivisaari and
colleagues [38] used word2vec to decode a

compositional model.

semantic concept in fMRI while participants
read brief verbal descriptions of the target
concept. Participants received clues about
individual concepts in the form of three
isolated semantic features, given as verbal
descriptions.  Dehghani and colleagues [52]
used an extension of word2vec for paragraph
vectors to decode specific stories participants
were reading in fMRI. Honari-Jahromi and
colleagues [83] used word2vec to investigate

neural representations of words within phrases

in MEG.

3.6. Feature selection

Nowadays, multivariate analyses methods,
such as multivariate pattern analysis (MVPA)
in fMRI literature, utilizing inforimation frein
multiple channels (voxels in fMRI, #lectrodes
in EEG, etc.) are dominantywhile histerically
many studies used to apply univariate analy-
ses methods to the semantic decoding prob-
lem. Feature selection‘methods are thus typi-
cally needed to decregase the number of features
from inherently high-dimensional neuroimag-
ing data. Furthermore, feature selection meth-
ods may be used to attempt to address inter-
person differencesyin neural encoding.

A basic method is to restrict the neu-
roimaging ‘data, for instance to certain chan-
nels, time points, or frequencies. For exam-

ple; the analysis can be performed on anatom-

ically defined regions of interest or to,repeat
the analysis on small local areas (searchlight
analysis in fMRI literature). Manystudies
[72, 36l 40, 79 73, 37, B8] attempt to seleet
the most stable channels over presentations of
concepts within a participant. “While, some
studies [40, [73] have applied a two-levelihierar-
chical factor analysis to seleet brain locations
over multiple participants.

We illustrate whiehr regions/of the brain
are most commonly/ useddin” semantic neural
decoding studies in, Figure Specifically, we
coarse grain the braimiregions into 8 regions:
frontal, parietal,temporal, and occipital brain
regions in stheyleft vand right hemispheres.
We thengillustrate the percentage of neural
semantierdecoding studies which make use of
information from¥ each region.

It can be seen that the left temporal
lobe, is most frequently used as the basis
for, extracting features for semantic decoding.
This\ is not a surprising result as the left
temporal lobe of the brain has been widely
reported to be involved in conceptual naming
[142] and, as we saw in section [3.4.2] naming
tasks are used in several studies, while, as
we saw in section many studies use
written or spoken concept names to present
concepts to study participants. Furthermore,
the anterior temporal lobe is well-known to
be the hub, within the distributed-plus-hub
model, for semantic memory retrieval in the
brain [143, [13].

Statistical-based feature selection meth-
ods making use of the category labels can also
be used. For instance, some studies [34. 33}, [50]
used channel selection based on ANOVA. Al-
ternatively, supervised machine learning can
be used to drive the channel selection.

Dimensionality reduction methods that
project the data into a smaller subspace are

popular. For example, principal component
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Figure 3: Illustration of the most informative
brain lobes for the semantic decoding. Values
represent percentages from the number of stud-
ies that reported this information, typically in-
spected in a post-analysis (see the supplemen-
tary material). Left and right frontal, parietal,
temporal, and occipital lobes were chosen for
a broad overview, which could be useful forsa.
wide range of neuroimaging modalities includ=

ing EEG and fNIRS decoding.

analysis (PCA) projects the data into a space
with components that successively maximize
the variance of the projected datays indepen-
dent component analysis (ICA ) decomposes
the data into statistically ‘independent com-
ponents, and common spatial patterns (CSP)
[144, [145] (used to aids binary elassification)
projects the data into a spacesthat maximizes
the signal variance for one class, while simulta-
neously minimizing the signal variance for the
opposite class/ These projections are then fol-
lowed by a_selection of only a certain number
of dimensions, typically the ones that describe
the most useful aspects of the data. It is impor-
tant. to note this decomposition can be spatial
(over channels), temporal (over time), spectral

(over frequencies), or any combination of these
dimensions.

3.7. Machine learning models

Machine learning methods aresused within
semantic decoding to identify the, specifie
semantic concept(s) an individual is focused on
from a recording of their brain activity. Thus,
the core aim of the machine learning part of the
semantic decoding process istos€ategorise and
classify recordings of brain activity into labels
describing the associated semantic concepts.

Machine learning methods may, in gen-
eral, be grouped into two distinct categories:
unsupervised methods and supervised meth-
ods.

Unsupervisgd machine learning methods
do not make use of any underlying category
labels in‘order to process the data. Thus, they
are best suited to aiding the categorisation pro-
cess by, for example, reducing the dimension-
ality of the feature space. However, they can-
not, by themselves, be used to classify data
(146, (47,

Supervised machine learning methods, by
contrast, make use of category labels in order
to attempt to identify rules by which the data
may be classified [140, [147].
supervised machine learning methods may
be used to identify rulesets or thresholds

For example,

to separate neural feature sets into their
associated semantic category labels.

Table [7] enumerates the machine learn-
ing classifiers used for semantic decoding.
The most frequently used machine learning
methods were support vector machines, naive
bayes classifiers, and regression based meth-
ods. Somewhat surprisingly, we have not found
semantic decoders to date that make use of
deep learning methods such as convolutional
neural networks or long short-term memory
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Table 7: Machine learning classifiers used by
the semantic decoding studies. Note, some
studies employ two or more classifiers and,

therefore, appear in 2 or more rows.

Method References

35, 25, 29, 37, &7,
30, 44, 49, 51, 27
54, 62, [65, 67, 63
70, 00, 88, 26, B8,

Support vector ma-
chine

91, 94, [76], 7]
Logistic regression  [33], B4, 24] 80, [4T],
48, [84), [77]

[36, R7, 40, 42, [45,
16, 47, 28, 56, 60,
61, [65]

Naive Bayes

Regression [38, R, 52, 55, B9,
83, 64, [66, 86, 72,
73, 61, 03]

Linear discriminant 78, 82, [63], [85] [76],

analysis 96, 92]

K-nearest  neigh- [59] 65] 89, [31]

bours

Neural network [43, 53, 89, [74]

Correlation-based  [79, 50}, 69, 57, 715
75, 5]

N

networks [148]. This is despite the rapidrecent
growth of the use of these methods inumany re-
lated domains of neurosdience [149]. We antic-
ipate that semantic decoding studies that use
these advanced machine learning methods will
begin to appear in themear future.

3.8. Measuring performance

The final step of .any decoding pipeline is to
When
only a few classes are being distinguished, stan-

evaluate the decoding performance.

dard machine learning evaluation methods can

be used for binary or multi-class classification
problems, such as classification accuragy,»kF'l
score, Cohen’s kappa, or preferably @& confu-
sion matrix.

With an increasing number of classes to
distinguish, the above methods desnot tell us
the whole picture, for instance, the class may
be incorrectly predicted buts,it would be the
second choice of a multi-class classifier or it
may be semantically similarto the true class (if
this makes sense in the application context). In
these cases, severalstudies uged rank accuracy
[36, 37, [39, 40, 41, 4254555, 56, B8, 60] 61,
67, [72], [73], which is defined as the percentile
rank of the eorrectnclass in the classifier’s
rank output. The list of predicted classes is
rank-ordered from most to least likely and the
normalized rank¥of a correct class in a sorted
list is'computed. Rank accuracy ranges from
0 to.1 and the chance level performance is 0.5.

Several studies used leave-two-out pair-
wise,comparison [72, 81, 39, 138, [79, 52l 82,
83, 163, [69], 86l [7T) [75]. This procedure leaves
two samples s; and s; for testing during cross-
validation. With two classes C'; and Cy, it com-
pares two predicted classes and decides which
order is a better match whether (s; = C'1 and
s = Cy) or (51 = Cy and sy = C4). The chance
level performance is 0.5. For two samples and
two classes, this is mathematically equivalent
to the area under the curve measure. However,
this metric makes comparisons between studies
difficult unless more information is provided.
Furthermore, performance measured this way
is not appropriate for many real-world use-
case scenarios where only two samples could
be predicted and it does not consider the same
class for the two samples. To make this is-
sue more confusing, several studies incorrectly
refer to this procedure as leave-two-out cross-
validation. Whereas, from a machine learn-
ing perspective, leave-two-out cross-validation
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leaves two samples from the training and then
classifies each sample separately to which class
On a
related note, a small number of studies only

it belongs (from all possible classes).

reported mean or individual pairwise accura-
cies from multi-class classification (e.g. from
one-vs-one or one-vs-rest strategies) without
trying to aggregate them together. Neverthe-
less, we must acknowledge that the main re-
search focus of many studies, presented here,
was on localization of brain regions involved in
semantic decoding or encoding. Thus, not all
reported performance metrics are useful when
attempting to compare decoding accuracy be-
tween studies.

Overall, the selection of the evaluation
metrics ultimately depends on the application
scenario. We strongly suggest reporting ev-
erything necessary, such as confusion matrices,
so that one can compute any other metric of
interest, whenever this is feasible. Neverthe-
less, it is important to note that these metrics
do not represent the whole picture of the ap-
proach used. This issue is similar totthe issue
of the information transfer rate (ITR) metric,
which is a popular metric in brain-ecomputer
interface (BCI) systems (see section @ and
measures the amount of information in. bits
that is conveyed by a system’s output within
a given time [I50} 151} 152] (see equation |2 in
section . Whereas, in réal=case BCI scenar-
ios, users’ states, such as fatigue and perceived
ease of use of the BCLamust, also be taken into
consideration.

3.9. Decoding performance

We comparessemantic decoding performance
between [studies. Due to differences in
reporting ‘metrics used in different studies
wepare unable to compare performance of
all the ~studies

in our review. However,

to make at least a partial comparison, we
decided to use ITR to compare decoding
performance. ITR incorporates thesnumber
of classes the semantic decoder is attempting
to differentiate, the time takén to decode the
concepts, and the reported decoding accuragy.

It is defined, in [153], by

1—
B = 10g:C +p logap+ (14 D) l092<0 _11)(1)

ITR = B x (%) = (2)

where C' deneotes the number of classes,
p denotes the classification accuracy, and T
denotes the timestaken to make a selection in
seconds.

Thus; it allows meaningful comparisons of
decodingperformance to be made between se-
mantic decoding’ studies, even when different
numbers of semantic categories and/or differ-
enthtime windows are employed. For compar-
ison, consider the case where studies are com-
pared in terms of accuracy, or some similar
Such a

comparison is only meaningful when the num-

metriec such as area under the curve.

ber of classes and the time windows are the
same across studies. For example, an accuracy
of 50 % may be good when there are 4 different
classes, but could be no better than random
chance when there are only 2 classes.

Figure [4] shows ITRs in bits per minute
for studies that reported decoding accuracies.
Nevertheless, this information represents an
optimistic view. To compute ITR, we ig-
nored inter-stimulus intervals in experimental
paradigms and instead only used the end of
the time window after the stimulus onset which
was used for classification. It is important to
note that all studies were conducted offline. In
real-time semantic decoding applications, ITR
would most probably be significantly lower.

As expected, neuroimaging techniques

affected by a slow haemodynamic delay, such
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Figure 4: Information transfer rate (ITR) in
bits per minute for semantic decoding studies,
for which it was possible to calculate ITR (see
the supplementary material). Macro electrod.
indicates macro intracranial electrodes such
as ECoG or SEEG, while Micro electrod.
indicates micro intracranial electrodes used for
single unit recordings.

as fMRI and fNIRS, require longer times and
thus they typically have lower ATRs. (in<a
range from 0.02 to 9.08) in comparison{with
electro-physiological neuroimaging. methods
(with ITRs in a range from 0:09 to 149.83),
even though they typically achieve greater
accuracies. Indeed, if pérformance is measured
without taking into.account:thé length of the
time window needed by/the decoder for each of
the neuroimagingmmodalities, fMRI would out-
perform scalp/based measures such as EEG.
However, given the rapidity with which human
thought can switch between semantic concepts
we consider,it appropriate to incorporate the
length of the time window into our comparison
of decoder'performance.

It is worth noting that ITR s .not
a perfect metric for comparing semantic
decoding studies as it does not take vinto
account the semantic similarity of. concepts:
For example, pairs of coneepts that are
semantically unrelated to one “amother “are
likely to be much easier 4o decode, than
concepts that are closely related:, This can be
seen in Figure [2] which shows that categories
that are quite distinet from one another,
such as ‘animals’ and ‘teols’, are frequently
used in semanticadeeoding sstudies, whereas
more similar conceptsy, such as ‘celery’ and
‘carrots’, are Tarely used. An ideal metric
for measuring ‘the  performance of semantic
decoders would alseiincorporate some measure
of the semantic similarity of the concepts that
were decoded.»However, as semantic similarity
between| concepts varies across languages,
cultures, and even individuals, such a measure
could “prove challenging to develop and is

beyond the scope of our review.

4..Key challenges

Semantic neural decoding has considerable
potential to aid understanding of how concepts
are held and processed in the brain. However,
it is first necessary to overcome current gaps
in our understanding of how the brain works.
For example, more accurate characterisation of
activity patterns in terms of location, timing,
and morphology has the potential to enable
more accurate semantic neural decoding.

It is also necessary to improve current
machine learning methods used to identify
semantic concepts from neural data. This may
include using joint recording methods, such as
simultaneous EEG and fMRI to improve the
accuracy of semantic decoding.

An additional challenge is identifying the
most appropriate combinations of methods
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to differentiate specific sets of semantic
concepts and determine which methods may
be employed for particular applications. For
example, fMRI may be used to differentiate a
wide range of different semantic concepts, but
is impractical for many possible applications
of semantic decoding (for example, building a
practical semantic communication device, see
section [5.3).

It is also important to note that the
specific concepts that semantic decoders are
able to differentiate currently depends largely
on the neuroimaging methods employed. In
general we observed that decoders that used
techniques with higher spatial resolution -
such as fMRI or intracranial electrodes -
were better able to decode concepts that are
more semantically similar to one another than
neuroimaging techniques with lower spatial
resolution, such as EEG or fNIRS. Advances
in signal processes techniques for the EEG and
fNIRS may help to close this gap in future;
but it is likely to remain the case that a higher
spatial resolution is needed to more aecurately
decode more semantically similar concepts.

Finally, differences in inter-participant
and inter-language neural encodings o(seman—
tic concepts represent a considerable challenge
[33]. Ideally, one would wish to build a decod-
ing model from one sub-group. of individuals
and be able to apply thisswith anymew indi-
vidual.

However, neural.signatures of semantic
encoding vary considerably across individuals
and even across experiments with the same
individual [99)¢
sons for this.

There ‘are a variety of rea-
In particular neuroanatomical
differences’betweentindividuals mean that di-
rect one-to-one mappings of neural encoding
patterns for a'given semantic concept between
In addi-

tiony non-stationarity in neural representations

participants_are not possible [99].

of meaning results in differences in neural en-
coding patterns between experimental sessions
with the same participant [154].

Some of these differences can be corrected
for by pre-processing the recotded neural data.
For example, fMRI recordings camn_be fit to
common templates via a series of ‘warping
and translation steps to previdessome degree
of neuroanatomical homogeneitys at’ the cost
of reduced spatial preeision and resolution
[155].
semantic conceptsadiffers between individuals

However, conceptual® organisation of

as different people “relate concepts to one
another quite ‘differently.” For example, while
one individualhmayrelate the concept of
‘celery’ te the comeept of ‘hunger’ another
may netm, These differences in conceptual
organisation restilt, according to embodiment
theory, fin differences in neuroanatomical
localisation of encoding patterns for concepts.
Consequently, even with correct inter-person
neure-anatomical alignment there may still be
considerable differences in encoding patterns
between individuals. Methods to address this
include searching for signatures of semantic
concepts within neural data [I56] or joint
feature ranking selection [33]. For example,
joint feature ranking identifies signatures of
concepts across different neuro-anatomical
structures and localisations by searching for
temporal dynamic modulations of neural
activity that co-vary with presentations of
specific semantic concepts.

An additional consideration is differences
in neural encoding of semantic concepts by
individuals who speak different languages. A
semantic concept may be, to some extent,
independent of language; the concept of ‘food’
(for example) is a universal one. However, the
way specific concepts are encoded in our brain
is determined by multiple factors including,

but not limited to, mappings to other related
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concepts, and societal and cultural views of the
concept. Moreover, the meaning of concepts
can change over the life span [157].

Emerging evidence suggests a mixed pic-
ture, with some similarities in neural repre-
[158, 159]).
ever it is not certain that these similarities will
There-
fore, inter-participant / language differences
(e.g.
as in structuring of neural encoding) need to

sentations reported (e.g. How-

generalise well across all languages.
in neuro-anatomical structure, as well

be accounted for when attempting to under-
stand semantic encoding or build semantic de-
coding models [99]. Methods have been devel-
oped to attempt to help overcome these differ-
ences, such as hyper-alignment analysis [154]
or mutual similarity relationships [156] [160].

5. Current and future applications and
directions

Semantic decoding allows the identificatiofimof
the specific semantic concept(s) an individual
is presented with or focused on af. a given
moment in time. This emerging field of
research suggests many application areas.
_ N

5.1. Tools for neuroscience
Semantic decoding has the potential to provide
a useful toolset to neuroscientists seeking to
investigate how our brains store, relate, and
process semantic concepts. For example, the
multivariate patternfanalysissmethod used in
some semantic decoding studies has also been
widely used to understand hich brain regions
are involved in represefiting semantic concepts
[161]. Semaatic decoding has also been used
to build fand test models of memory re-
consolidation after receiving further, refining,
information from input sentences [162].

A" morey specific example of this is

the use of semantic decoding to explore
neural representations of naturalistic stimulus
complexity in the early visual and auditory
cortices. A recent neuroscientific, study by
Giiglittiirk and colleagues [163] used semantic
decoding methods to identify how complex
natural stimuli are encoded in these parts of
the brain.

Other researchers have usedstools devel-
oped for semantic decoding to explore how con-
cepts at different ‘levels’<aré encoded in our
brains. For example, early work by Rosch and
colleagues [164] defined,a“basic level’ concept
upon which othér. more complex concepts may
be construgted.»For example, Rosch defined a
‘bird” as a. basic level concept while more spe-
cific coneeptsi(such as ‘robin’ or ‘crow’) exist
at subordinate.évels in this hierarchy.

This early conceptual framework has been
shown, via the application of semantic decod-
ing tools, to map to specific organisational
struetures for semantic encoding in the brain.
For example, work by Bauer and Just [41]
showed that ‘basic level’ concepts occupied
more spatially distributed neural encoding pat-
terns, while subordinate level concepts occu-
pied less widely distributed, more concentrated
brain areas.

This, in turn, relates to the distributed-
plus-hub model of semantic memory retrieval
in the Under this model,
perceptual, and motor related features of

brain. visual,

individual concepts involve a distributed
network of brain regions located within the
brain regions responsible for the associated
cognitive processes [13]. So for example, the
concept of ‘tools’ is likely to be associated
with motor-related cognitive processes and
involves a distributed network that includes
This distributed network
is then bound together in a central amodal

the motor cortex.

hub, located within the anterior temporal
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lobe, which is responsible for relating semantic
concepts to one another. So, for example,
basic level and more complex concepts are
related to one another in the anterior temporal
lobe and semantic decoding studies can aid

understanding of this process.

5.2. Clinical applications

The ability to accurately decode and classify
concepts from recordings of brain activity
has potential clinical applications in treating
disease. An early review in this area
suggested that many of the computational
and neuroimaging techniques developed for
semantic neural decoding could be employed to
classify brain disorders such as schizophrenia
and depression [165].

This approach was shown to be usable
in the diagnosis of developmental dyscalcu-
lia in a small study with 13 individuals with
dyscalculia and 36 control participants [L66].
A time-resolved multivariate analysis method
was used to analyse fMRI recorded from par-
ticipants while they judged the correetmess of
multiplication results. The results showed de-
tailed differences between the groups, indicat-
ing that neural decoding technigites could-be
adopted for clinical diagnosis in'future.

Following on from thisiearly work,meural
decoding techniques have also been applied to
attempt to understand and treatyaphasia [167].
Aphasia is a disorder of language that results
from damage to the'brain and causes deficits
in the production|and/or jeomprehension of
speech. Pasley andKnight[167] suggested that
neural decoding of sémantic concepts could
be used to understand how semantic encoding
is affected by aphasia. Furthermore, they
suggested that, during attempted treatment
ofraphasia, semantic decoding could be used
to judge theveffectiveness of the treatment.

Treatments could then be adjusted according
to this neural measure of their efficacy.
Semantic neural decoding has also been
shown to be able to differentiate between
individuals with schizophrenia andhealthy
controls [168].
state space model

Specifically, _a“multivariate
was used to “analyse
the representations of mental wprocesses of
individuals as they performed the Sternberg
Item Recognition Paradigm. [169]. Significant
differences were found between controls and
individuals with gehizophrenia, suggesting a
possible further clinicalapplication.

More recently, neural decoding techniques
have been shown, in two separate studies, to be
able to differentiateybetween individuals with
autism.and control participants [170} [171].

Another refent exciting example of this
is the suggestion that neural decoding of
semantic concepts may be used as a potential
test fornAlzheimer’s disease [172].

Alzheimer’s disease is a progressive neuro-
degenerative disease that leads to gradual loss
of\ cognitive function and, in many -cases,
One of the
symptoms of Alzheimer’s disease is a loss of

ultimately leads to death.

semantic knowledge that begins years before
the onset of dementia [I73] and it has been
suggested that this early loss of semantic
knowledge could be used as an early test
for Alzheimer’s disease. Specifically, it was
suggested in [I72] that the semantic neural
decoding methods, developed in fMRI studies
and extended to use with other neural imaging
technologies, could be deployed as a test for
Alzheimer’s disease.

However, there are considerable chal-
lenges that first need to be overcome be-
fore this potential application can be realised.
Specifically, the relationships between seman-
tic knowledge decline and specific Alzheimer’s

disease pathologies needs to be more thor-
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oughly investigated.

As a final example, neural decoding has
also been demonstrated to allow identification
of individuals who are engaged in suicidal
ideation. Specifically, a fMRI study by Just
and colleagues [I74] was used to identify
neural signatures related to the concepts of
‘death’, ‘cruelty’ and other concepts related
to suicide in 17 suicidal ideators and 17
controls.  Significant differences in neural
encoding patterns for these concepts allowed
differentiation of these groups with a 91%
accuracy, suggesting semantic decoding could
potentially be used to identify individuals at
risk of suicide.

5.3. Communication aids

The possibility to accurately decode the

concept an individual is focused on also
suggests an application as a communication
aid; specifically, as a unique form of brain-
computer interface (BCI).

BClIs have been proposed as a technolog-
ical solution to aid communication [175[176].
They can be intuitive and easy to wse [177,
178, 179, [180].

munication speeds and accuraciés achievable

However, the current com-

with BCIs are relatively low when/compared
to other communication platforms [L795 180].
Indeed, most current BCIs achieve communi-
cation rates (speeds and/accuragies) of around
27 bits per minute [153,181], while eye track-
ers can achieve communicationrates of around
41 bits per minute [I82] and human speech is
typically between™160-190" words per minute
[183, [184] making BCIs for communication
only really useful when other interfaces are not
feasible [185].

One ofithe key limits to communication
speed_in BCI systems stems from the serial
communication paradigm, which forms a part

of the basis of all BCI systems, and .indeed
the majority of assistive technologies used
to aid with communication. Specifically,
communication proceeds 1 bit at a,time and;
as a consequence of this, virtually all efforts
to improve BCI bit rates have focused on
simply increasing the speed, at whichy, serial
input may be made with _the BEI [186] [187,
188, 189l 18T, 190], 19T 192].
the relatively new researeh area of hybrid

Indeed, even

BClIs [193] uses serial commiunication, albeit
with the occasional ‘pessibility to enter two
commands together [194]

Semantic ‘decoding could be employed to
achieve a form of parallel communication with
BCI, improving their communication speed
considerably. » For example, identifying the
multithit semamtic concept of ‘hunger’ directly
from neural data could be much faster than
spelling out” ‘[-A-M-H-U-N-G-R-Y’ in series
via a eurrent state-of-the-art BCI.

Some work in the field of BCI is already
moving in this direction. For example, the
use of a single shot decoding attempts to
identify the concept an individual is focused
on is one of the first attempts in BCI to
deploy semantic decoding techniques as a
communication paradigm [195] R1], 38|, 196].

Related BCIs have been developed based
on semantic relations. Geuze and colleagues
[197] introduced a BCI based on EEG to
determine which prime word a user had in
mind. Users were presented with a probe word,
the BCI detected whether the word is related
to the prime word, and a new probe word
was chosen from an association network. This
process was repeated until a certain confidence
threshold was met. An average decoding
accuracy of 38 % was reported using 100 probes
and 150 possible words. Additionally, Wenzel
and colleagues [198] used a combination of

EEG and eye gaze. Users looked for words
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belonging to a semantic category of interest
The
online BCI detected whether the words were

from a stream of words on the screen.

subjectively relevant to the category. An
average rank for the category of interest among
the five categories was 1.62 after a hundred
words had been read.

Some related research focuses on identifi-
cation of cognitive concepts from neural signals
in ‘cognitive BCIs’ [199]. However, these cog-
nitive BCIs make use of implanted electrodes
(a technology which fundamentally limits their
utility due to the inherent safety and ethical
concerns entailed in such an approach), and are
not based on semantic concepts, but rather the
broader concept of ‘cognitive states’ (which in-
cludes emotions, intention, executive function,
motor commands, etc.) [199].

Asides from this work, a small amount of
work has also been conducted in electrocor-
tiography (ECoG) based BCIs [87] that seek
to identify semantic concepts. However,/this
also comes with the same impracticalities as
cognitive BCIs. Additionally, a small.number
of studies have attempted to provide comtrol
for users by identifying the semantiq concepts
'yes” or ‘no’ responses [200]. However, the re-
sults of these attempts have been inconclusive
(even when conducted with fMRIN201]).

The use of semantic deecoding for com-
munication may be interpreted as.a semiotic
system [202]. Indeed, BCIs have been inter-
preted as semiotic tramslation/systems that
translate intention fo action [203], wherein the
link between intentiom, brain activity, and re-
sulting action ¢an be expressed within a semi-
otic framework. By linking intention, brain ac-
tivity, anddaction to'specific semantic concepts
in the mind semantic decoding has the poten-
tial to allow thiS interpretation to be made
more explicit.

5.4. Other applications and privacy concerns

Finally, the ability to identify the specific
semantic concept an individual is fo¢used on,
or thinking of, has numerous other potential
applications that, to date, hawe only been
briefly suggested in the literatiire.

One such application i the use of neu-
ral decoding in the field of “neuromarketing”.
This field suggests the use of neuroscientific
techniques to developy refinegand test market-
ing strategies for commereial products, for ex-
ample by measuringineural$ignature of affec-
tive (emotional) responses to particular prod-
ucts [204].

Semantic decoding methods may be
used to ‘identify which specific concepts an
individual focuses on when shown advertising
material /4 This could, in turn, be used to
identify more effective advertising strategies.

However, applications such as this and
other similar possible uses of semantic decod-
ing,suggest the need to consider the privacy
and ethical issues raised by semantic decod-
ing [6]. Specifically, neural decoding offers the
possibility to decode and interpret a part of an
individuals current mental state. This could,
theoretically, be done without the permission
of the individual, for example as a part of a
criminal investigation.

The associated privacy and ethical issues
are rarely considered in the majority of
the literature on semantic neural decoding,
perhaps because the technology is currently at
a very early stage where such applications feel
a long way off. However, one recent discussion
paper [205] begins to consider these issues and
develops an evaluation framework to consider
issues of privacy and ethics in the field of neural
decoding. We anticipate considerably more
discussion on these issues as the field develops
further.
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6. Discussion and Conclusions

We systematically sought records of studies
that attempted to develop semantic neural
decoders. Our search methodology included
searches of PubMed records and Google
Scholar and included all relevant peer reviewed
articles that we could identify on these

databases. = However, no literature review
can ever be completely comprehensive and we
may have neglected to include some records
that describe semantic neural decoders, either
because the title and abstract did not indicate
that this was attempted in the study, or
because we misunderstood the title and
abstract and incorrectly excluded the paper.
Thus, while our review considers the majority
of semantic neural decoding studies it may not
be comprehensive. Nevertheless, we are able to
draw some key conclusions from our analysis of
this literature.

Specifically, the majority of neural seman-
tic decoders make use of the fMRI to record
neural data, while a smaller number of studies
use other methods such as EEG or MEG:, The
range of concepts that these decoders attempt
to identify is relatively large but there is a core
subset of concepts (such as animals and tools)
that are very frequently decoded., Experimen-
tal designs vary considerably acrosssstudies
with a wide range of different types of cues
and experimental tasks/used.” On the other
hand the range of machine learning methods
used by semantic decoders is relatively modest,
comprised largely of sapport vector machines
and regression based methods.

The relationship between semantic encod-
ing modelsdand decoding models is not always
consistently desctibed in the literature. In-
deed some studies confuse these two terms and
present.an encoding study as a decoding study
or visa-versa. We have endeavoured to only

include studies that present semantic decod-
ing models in this review. However, an im-
portant caveat is that some encoding'models
are constructed in such a way that adapting
the model to achieve semanti¢'decodingswould
be extremely trivial. Indeed, in some cases an
encoding model is also, in effect, a deeoding
model because the predicted encoding maps
the model identifies are explicitlydinked to dis-
crete semantic conceptsmlmsuch cases we have
included the study in ouraeview.
Understanding, how our brains encode
semantic concepts ishan important goal in
modern neuroscientific iresearch and enables
many new and exciting areas of research. Not
least amongst theseyis the rapidly developing
area ofssemantic decoding, the attempt to
develop processing pipelines and decoding
models (to identify the
coneept an individual is focused on from

specific semantic
recordings of their brain activity.

We have identified several key methods
employed to tackle the challenge of semantic
decoding. Although there are many challenges
inherent in developing and evaluating effective
models, semantic decoding has the potential
to identify, sometimes with quite high levels
of accuracy, the specific concept an individual
is focused on. This may, in future, enable
a wide range of applications such as new
clinical diagnostic tests or fast and accurate
communication aids.

Competing interests

The authors declare they have no competing
interests.
References

[1] Max Velmans. Understanding Consciousness.
Taylor & Francis, 2002.



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 28

2]

[3]

Hal Blumenfeld.
Consciousness.
3-29, jan 2016.

Mahon BZ and Caramazza A. Concepts and

Neuroanatomical Basis of
Neurol. Conciousness, pages

categories: a cognitive neuropsychological
perspective. Annu. Rev. Psychol., 60:27-51,
jan 20009.

Vigliocco G, Vinson DP, Druks J, Barber
H, and Cappa SF.
in the
electrophysiological,
imaging studies. Neurosci. Biobehav. Rev.,
35(3):407-426, jan 2011.

Florian Mormann and Christof Koch. Neural
correlates of consciousness. Scholarpedia,
2(12):1740, dec 2007.

John-Dylan Haynes and Geraint Rees. Decoding
mental states from brain activity in humans.
Nat. Rev. Neurosci., 7(7):523-534, jul 2006.

S Ogawa, T M Lee, A S Nayak, and P Glynn.
Oxygenation-sensitive contrast in magnetic
resonance image of rodent brain at high
magnetic fields. Magn. Reson. Med., 14(1):68—
78, apr 1990.

J. Belliveau, D. Kennedy, R. McKinstry,
B. Buchbinder, R. Weisskoff, M. Cohen, J. Ve-
vea, T. Brady, and B. Rosen.

Nouns and verbs

brain: a review of behavioural,

neuropsychological and

Functional
mapping of the human visual cortex by mag-
netic resonance imaging. Science (80-. ).,
254(5032):716-719, nov 1991.

B E Swartz. The advantages of digital<over ana-
log recording techniques. FElectroemcephalogr.
Clin. Neurophysiol., 106(2):113-7; fel{1998.

T. Naselaris, KN. Kay, S. Nishimoto, and JL.
Gallant. Encoding and decoding in fMRI.
Neuroimage, 56(2):4004410, may 2011«

David Moher, Alessandro Liberati, Jennifer Tet-
zlaff, Douglas G. Altman,and The PRISMA
Group. Preferred Reporting \Items for Sys-
tematic Reviews and, Meta-Analyses: The
PRISMA Statement. PLoS Med., 6(7), jul
2009.

Elizabeth K. Warrington and T. Shallice. Cat-
egory specific semantic impairments. Brain,
107(3):829-853, 1984.

KaralynrPatterson,/Peter J. Nestor, and Timo-
thyy T. Rogers. Where do you know what you
know? The representation of semantic knowl-
edge in thethuman brain. Nat. Rev. Neurosci.
2007 812, 8(12):976-987, dec 2007.

Lotte Meteyard, Sara Rodriguez Cuadrado,

[15]

[16]

[17]

[18]

[19]

[20]

[25]

Bahador Bahrami, and Gabriella Vigliecco.

Coming of age: A review of embodiment

and the neuroscience of semantics. ~Cortes;
48(7):788-804, jul 2012.

Gregory L. (Gregory Leo) Murphy. {The big book
of concepts. MIT Press, 2002.

Opinion: Brain
mechanisms linking language and action. Nat.
Rev. Neurosci., 6(7):576-582;,jul 2005.

Cara E. Van Uden, Samuel A. Nastase, An-
drew C. Connolly,, Ma Feilong, Isabella
Hansen, M. Ida Gobbiniy and James V. Haxby.
Modeling Semantic Encoding in a Common
Neural Representational Space. Front. Neu-
rosci., 12:437; jul 2018.

Philip A. Kragel, Leonie Koban, Lisa Feldman
Barrett, ‘and, Tor D. Wager. Representation,
Pattern Information, and Brain Signatures:
From Neurons to Neuroimaging. Neuron,
99(2):257-273, jul 2018.

Nikolaus Kriegeskorte and Pamela K Douglas.
Intérpreting encoding and decoding models.
Curr. Opin. Neurobiol., 55:167-179, apr 2019.

Vodrahalli K, Chen PH, Liang Y, Baldassano C,
Chen J, Yong E, Honey C, Hasson U, Ramadge
P,»Norman KA, and Arora S. Mapping
between fMRI responses to movies and their

Friedemann Pulvermiiller.

natural language annotations.
180(Pt A):223-231, oct 2018.
Li Y, Richardson RM, and Ghuman AS. Multi-
Decoding the
representational content of neural communica-
tion. Neuroimage, 162:32-44, nov 2017.
Hoefle S, Engel A, Basilio R, Alluri V, Toiviainen
P, Cagy M, and Moll J.
pieces from fMRI data using encoding and
decoding models. Sci. Rep., 8(1), dec 2018.
J. Bulthé, B. De Smedt, and H. P. Op de Beeck.
Format-dependent representations of symbolic
and non-symbolic numbers in the human
cortex as revealed by multi-voxel pattern
analyses. Neuroimage, 87:311-322, feb 2014.
Irina Simanova, Marcel van Gerven, Robert
Oostenveld, Peter Hagoort, and R Van-
denberghe.  Identifying Object Categories
from Event-Related EEG: Toward Decoding

Neuroimage,

Connection Pattern Analysis:

Identifying musical

of Conceptual Representations. PLoS One,
5(12):e14465, dec 2010.
Brian Murphy, Massimo Poesio, Francesca

Bovolo, Lorenzo Bruzzone, Michele Dalponte,
and Heba Lakany. EEG decoding of semantic

Page 28 of 37



Page 29 of 37

oNOYTULT D WN =

[26]

[27]

[28]

[29]

[34]

(351

category reveals distributed representations

for single concepts. Brain Lang., 117(1):12—
22, feb 2011.

Alizadeh S, Jamalabadi H, Schénauer M, Leibold
C, and Gais S. Decoding cognitive concepts
from neuroimaging data using multivariate
pattern analysis. Neuroimage, 159:449-458,
oct 2017.

Joao M. Correia, Bernadette Jansma, Lars
Hausfeld, Sanne Kikkert, and Milene Bonte.
EEG decoding of spoken words in bilingual
listeners: from words to language invariant
semantic-conceptual representations.
Psychol., 0(FEB):71, 2015.

Behroozi M, Daliri MR, and Shekarchi B. EEG
phase patterns reflect the representation of
semantic categories of objects. Med. Biol. Eng.
Comput., 54(1):205-221, jan 2016.

Brian Murphy and Massimo Poesio. Detecting
semantic category in simultaneous EEG/MEG
recordings. In Proc. NAACL HLT 2010 First
Work. Comput. Neurolinguistics, pages 36—
44. Association for Computational Linguistics,
2010.

Alexander M. Chan,
Marinkovic, and Sydney S. Cash. Decoding
word and category-specific spatiotemporal rep-
resentations from MEG and EEG. Neuroim-
age, 54(4):3028-3039, feb 2011.

Patrick Suppes, Zhong-Lin Lu, and Bing Han.

Front.

Eric Halgren, Ksenija

Brain wave recognition of words. Proc. Natl.
Acad. Sci., 94(26):14965-14969, dec 1997.

Neal W. Morton, Michael J. Kahana; Emily A.
Rosenberg, Gordon H. Baltuch, Brian Litt,
Ashwini D. Sharan, Michael R. Sperling, and
Sean M. Polyn. CategorysSpecific,Neural Os-
cillations Predict Recall!Organization During
Memory Search. Ceréb. Cortex,»23(10):2407—
2422, oct 2013.

Hiroyuki Akama, Brian Murphy, Miao Lei, and
Massimo Poesig. Cross-participant modelling
based on joint or/disjoint feature selection:
an fMRI conceptual decoding study. Appl.
Informaties, 1(1):1,72014.

Hiroyuki Akama, Brian Murphy, Li Na, Yumiko
Shimizu; Decoding
semantics across fMRI sessions with different
stimulus modalities: a practical MVPA study.
Front.“Neuroinform., 6:24, aug 2012.

Simanova I, Hagoort P, Oostenveld R, and
van Gerven MA. Modality-independent de-

and. Massimo Poesio.

[36]

[40]

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 29

coding of semantic information from,the hu-

man brain.  Cereb. Cortex, 24(2):426-434,
2014.

SV  Shinkareva, RA Mason, VL Malave,
W Wang, TM Mitchell, and MA» Just. Us-
ing FMRI brain activationto identify cognitive
states associated with perception,of tools and
dwellings. PLoS One, 3(1); jan 2008:

Andrew James Bauer and “Marcel Adam Just.
Brain reading and behavioral methods provide
complementary perspectives on the represen-
tation of concepts..dVeuroimage, 186:794-805,
feb 2019. ~

Sasa L. Kivisaari, »Marijn lvan Vliet, Annika
Hultén, Tiina Lindh-Knuutila, Ali Faisal, and
Riitta Salmelin. Reeonstructing meaning from
bits of information. \Nat. Commun., 10(1):927,
dec 2019:

F Pereira, B »Lou, B Pritchett, S Ritter,
SJ 'Gershman, N Kanwisher, M Botvinick, and
E Fedorenko.
linguistiémleaning from brain activation. Nat.
Commumn., 9(1), dec 2018.

Roberts”A. Mason and Marcel Adam Just.
Neural Representations of Physics Concepts:.
hittps://doi.org/10.1177/0956797616641941,
27(6):904-913, apr 2016.

Andrew James Bauer and Marcel Adam Just. A

Toward a universal decoder of

brain-based account of “basic-level” concepts.
Neuroimage, 161:196, nov 2017.

MA Just, VL Cherkassky, S Aryal,
TM Mitchell. A neurosemantic theory of
concrete noun representation based on the
underlying brain codes. PLoS One, 5(1), jan
2010.

Stephen José Hanson, Toshihiko Matsuka, and
James V. Haxby. Combinatorial codes in
ventral temporal lobe for object recognition:
Haxby (2001) revisited: is there a “face” area?
Neuroimage, 23(1):156-166, sep 2004.

Federico De Martino, Giancarlo Valente, Noél
Staeren, John Ashburner, Rainer Goebel, and
Elia Formisano. Combining multivariate voxel
selection and support vector machines for
mapping and classification of fMRI spatial
patterns. Neuroimage, 43(1):44-58, oct 2008.

Ying Yang, Jing Wang, Cyntia Bailer, Vladimir
Cherkassky, and Marcel Adam Just. Com-
monalities and differences in the neural rep-
resentations of English, Portuguese, and Man-
darin sentences: When knowledge of the brain-

and



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 30

[46]

[47]

[48]

[49]

[50]

[51]

[53]

[54]

[55]

language mappings for two languages is better
than one. Brain Lang., 175:77-85, dec 2017.

Shinkareva SV, Malave VL, Mason RA, Mitchell
TM, and Just MA. Commonality of neural
representations of words and pictures. Neu-
roimage, 54(3):2418-2425, feb 2011.

Coutanche MN and Thompson-Schill SL. Creat-
ing Concepts from Converging Features in Hu-
man Cortex. Cereb. Cortex, 25(9):2584-2593,
sep 2015.

Wang J, Baucom LB, and Shinkareva SV. De-
coding abstract and concrete concept represen-
tations based on single-trial fMRI data. Hum.
Brain Mapp., 34(5):1133-1147, may 2013.

David Soto, Usman Ayub Sheikh, Ning Mei,
and Roberto Santana. Decoding and encoding
models reveal the role of mental simulation in
the brain representation of meaning. R. Soc.
Open Sci., 7(5), may 2020.

Vesna G. Djokic, Jean Maillard, Luana Bulat,
and Ekaterina Shutova. Decoding Brain Ac-
tivity Associated with Literal and Metaphoric
Sentence Comprehension Using Distributional
Semantic Models. Trans. Assoc. Comput. Lin-
guist., 8:231-246, jan 2020.

Marta Ghio, Matilde Maria Serena Vaghi,
Daniela Perani, and Marco Tettamanti4 De-
coding the mneural representation of fine-
grained conceptual categories.
132:93-103, may 2016.

Morteza Dehghani, Reihane Boghrati;” King-
son Man, Joe Hoover, Sarah I. Gimbel,
Ashish Vaswani, Jason D. Zeving M%y Helen
Immordino-Yang, Andrew S. Gordon, Antonio
Damasio, and Jonas T. Kaplan. Decoding the
neural representation of story meanings across

Hum. Brain. Mapp., 38(12):6096,

Neuroimage,

languages.
dec 2017.

Anderson AJ, Murphy B, and Poesio M. Dis-
criminating taxonomie categories and domains
in mental simulations of ¢oncepts of varying
concreteness. | J. Cogn. WNeurosci., 26(3):658—
681, 2014.

Kumar M, Federmeier KD, Fei-Fei L, and Beck
DM. Evidence for similar patterns of neural
activityelicited by picture- and word-based
representations of natural scenes. Neuroimage,
155:422-436, jul 2017.

FernandinowL, Humphries CJ, Conant LL,
Seidenberg MS, and Binder JR.

modal Cortical Areas Encode Sensory-Motor

Hetero-

[61]

[63]

[64]

[65]

[66]

Features of Word Meaning. J. Neuresci.,
36(38):9763-9769, sep 2016.

Augusto Buchweitz, Svetlana V. Shinkarevaj
Robert A. Mason, Tom M. Mitchell, and Mar-
cel Adam Just. Identifying bilingual semantic
neural representations across languagess, Brain
Lang., 120(3):282-289, mar 2012:

Mahon BZ and Caramazza Al Judgingisemantic
similarity: ~ an event-related fMRI study
with auditory word stimuli.  Neuroscience,
169(1):279-286, aug 2010.

Andrew James Bauersand Marcel Adam Just.
Monitoring the growth-ofsthe neural represen-
tations of new animal concepts.
Mapp., 36(8):3213, aug 2015.

Eowyn Van de Putte, Wouter De Baene, Marcel
Brass, and Wouter Duyck. Neural overlap of
L1 and L2, semantic representations in speech:
A decoding approach. Neuroimage, 162:106—
116, nov 2017.

RobertyVargas and Marcel Adam Just. Neural
Representations of Abstract Concepts: Identi-
fying Underlying Neurosemantic Dimensions.
Cerebs Cortex, 30(4):2157-2166, apr 2020.

Marcel Adam Just, Jing Wang, and Vladimir L.
Cherkassky. Neural representations of the con-

Hum. Brain

cepts in simple sentences: Concept activation
prediction and context effects.
157:511-520, aug 2017.

Usman Ayub Sheikh, Manuel Carreiras, and

Neuroimage,

David Soto. Neurocognitive mechanisms sup-
porting the generalization of concepts across
languages. Neuropsychologia, 153:107740, mar
2021.

Carlson TA, Schrater P, and He S. Patterns of
activity in the categorical representations of
objects. J. Cogn. Neurosci., 15(5):704-717, jul
2003.

Leonardo Fernandino, Colin J. Humpbhries,
Mark S. Seidenberg, William L. Gross, Lisa L.
Conant, and Jeffrey R. Binder. Predicting
brain activation patterns associated with
individual lexical concepts based on five
sensory-motor attributes. Neuropsychologia,
76:17-26, sep 2015.

Mehdi  Behroozi
Daliri. Predicting brain
ated with object categories from fMRI data.
http://dz.doi.org/10.1142/50219635214500241,
13(4):645-667, dec 2014.

Andrew James Anderson, Jeffrey R. Binder,

Reza
associ-

and Mohammad

states

Page 30 of 37



Page 31 of 37

oNOYTULT D WN =

[70]

[74]

Leonardo Fernandino, Colin J. Humphries,
Lisa L. Conant, Mario Aguilar, Xixi Wang,
Donias Doko, and Rajeev D. S. Raizada. Pre-
dicting Neural Activity Patterns Associated
with Sentences Using a Neurobiologically Mo-
tivated Model of Semantic Representation.
Cereb. Cortex, 27(9):4379-4395, sep 2017.
Kai min Kevin Chang, Tom Mitchell,
Marcel Adam Just. Quantitative modeling
of the neural representation of objects: How
semantic feature norms can account for fMRI
Neuroimage, 56(2):716-727, may

and

activation.
2011.

Leila Reddy, Naotsugu Tsuchiya, and Thomas
Serre. Reading the mind’s eye: decoding
category information during mental imagery.
Neuroimage, 50(2):818, 2010.

Andrew James Anderson, Benjamin D. Zin-
szer, and Rajeev D.S. Raizada. Representa-
tional similarity encoding for fMRI: Pattern-
based synthesis to predict brain activity us-
ing stimulus-model-similarities. Neurotmage,
128:44-53, mar 2016.

Li Y, Wang G, Long J, Yu Z, Huang B,
Li X, Yu T, Liang C, Li Z, and Sun P.
Reproducibility and discriminability of brain
patterns of semantic categories enhanced by

congruent audiovisual stimuli. PLoS One,
6(6), 2011.

Andrew J. Anderson, Douwe Kiela, Stephen
Clark, and Massimo Poesio. Visually

Grounded and Textual Semantic Models Dif-
ferentially Decode Brain Activity Agsociated
with Concrete and Abstract INouns. Trans.
Assoc. Comput. Linguist., 5:17-30; dec 2017.

Tom M Mitchell, Svetlana’V..Shinkareva, Andrew
Carlson, Kai-Min Chang, Vicente L. Malave,
Robert A Mason, and MarcelvAdam Just.
Predicting human _brain activity associated
with the meanings »of nouns. Science,
320(5880):119145, may 2008.

Jing Wang, Vladimir/L. Cherkassky, and Mar-
cel Adam Just. ‘Predicting the brain activa-
tion pattérn associated with the propositional
content of a sentence: Modeling neural repre-
sentations ofrevents and states.
Mapp., 38(10):4865, oct 2017.

Sean M. Polyn, Vaidehi S. Natu, Jonathan D.
Cohen, and Kenneth A. Norman. Category-
specific cortical activity precedes retrieval

Science (80-. ).,

Hum. Brain

during ‘memory search.

[75]

[79]

[30]

[84]

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 31

310(5756):1963-1966, dec 2005.

J. V. Haxby, M. 1. Gobbini, M. L. Furey, A. Ishai,
J. L. Schouten, and P. Pietrini. Distributed
and overlapping representations of faces and
objects in ventral temporal cortex. Science
(80-. )., 293(5539):2425-2430, sep 2001

David D. Cox and Robert L. Savoy.. Functional
magnetic resonance imaging (fMRE) “brain
reading”: detecting and classifying distributed
patterns of fMRI activity in human visual
cortex. Neuroimage,[19(2):2615270, jun 2003.

Adnan M. Niazi, PhiliphL.C. van den Broek,
Stefan Klanke, Markus-Barth, Mannes Poel,
Peter Desain, and«Marcel A.J. van Gerven.
Online decoding of object-based attention
using real-time fMRI.  FEur. J. Neurosci.,
39(2):319-329, jan 2014.

Brandman T and»Peelen MV.
tween Scene and Object Processing Revealed
by Human fMRI and MEG Decoding. J. Neu-
roscin, 37(32):7700-7710, 2017.

Benjamin "DY Zinszer, Laurie Bayet,
ren L. Emberson, Rajeev D. S. Raizada, and
Richard N. Aslin.
sentations from functional near-infrared spec-
troscopy signals. Neurophotonics, 5(01):1, aug
2017.

Milan Ryba#, Riccardo Poli, and Ian Daly.
Decoding of semantic categories of imagined

Interaction be-

Lau-

Decoding semantic repre-

concepts of animals and tools in fNIRS. J.
Neural Eng., mar 2021.

Gustavo Sudre, Dean Pomerleau, Mark
Palatucci, Leila Wehbe, Alona Fyshe, Ri-
itta Salmelin, and Tom Mitchell. Tracking
neural coding of perceptual and semantic
features of concrete nouns.
62(1):451-463, aug 2012.

Daria Proklova, Daniel Kaiser, and Marius V.
Peelen. MEG sensor patterns reflect percep-
tual but not categorical similarity of animate
and inanimate objects. Neuroimage, 193:167—
177, jun 2019.

Maryam Honari-Jahromi, Brea Chouinard, Esti
Blanco-Elorrieta, Liina Pylkkédnen, and Alona
Fyshe. representation of words
within phrases: Temporal evolution of color-
adjectives and object-nouns during simple
composition. PLoS One, 16(3):€0242754, mar
2021.

Irina Simanova, Marcel A. J. van Gerven, Robert
Oostenveld, and Peter Hagoort.

Neuroimage,

Neural

Predicting



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 32

[86]

[88]

[89]

(93]

the Semantic Category of Internally Generated
Words from Neuromagnetic Recordings. J.
Cogn. Neurosci., 27(1):35-45, jan 2015.

Erika W. Contini, Erin Goddard, and Susan G.
Wardle.
brain representations measured with MEG
for only some object categorisation tasks.
Neuropsychologia, 151:107687, jan 2021.

Alona Fyshe, Gustavo Sudre, Leila Wehbe,
Nicole Rafidi, and Tom M. Mitchell. The
lexical semantics of adjective—noun phrases
in the human brain. Hum. Brain Mapp.,
40(15):4457-4469, oct 2019.

Wei Wei Wang, A. D. Degenhart, G. P. Sudre,
D. A. Pomerleau, and E. C. Tyler-Kabara.
Decoding semantic information from human
electrocorticographic (ECoG) signals. In 2011
Annu. Int. Conf. IEEE Eng. Med. Biol. Soc.,
volume 2011, pages 6294-6298. IEEE, aug
2011.

Hesheng Liu, Yigal Agam, Joseph R. Madsen,
and Gabriel Kreiman. Timing, Timing,
Timing: Fast Decoding of Object Information

Reaction times predict dynamic

from Intracranial Field Potentials in Human

Visual Cortex. Neuron, 62(2):281-290, apr
2009.

Jahromy FZ and Daliri MR. Semantic category=
based decoding of human brain activity using a
Gabor-based model by estimating intracranial
field potential range in temporal cortex. J.
Integr. Neurosci., 16(4):419-428, 2017-

Youngmin Na, Inyong Choi, Dong|Pyo Jang,
Joong Koo Kang, and Jihwan Woes
hierarchical model improves /classification of
spoken-word evoked electrocorticography. J.
Neurosci. Methods, 3114253-258, jan 2019.

Jessica Schrouff, Janaina“ Mourao-Miranda,
Christophe Phillips, and Josef Parvizi. Decod-
ing intracranial EEG data with multiple ker-
nel learning method. »J. Newurosci. Methods,
261:19, mar 2016.

Kai J. Miller, Gerwin/Schalk, Dora Hermes, Jef-
frey G. Ojemann,and Rajesh P.N. Rao. Spon-
taneous Decoding, of the Timing and Con-
tent of Human Object Perception from Cor-
tical Surface’Recordings Reveals Complemen-
tary Information in the Event-Related Poten-
tialland Broadband Spectral Change. PLoS
Comput.iBiol., 12(1), 2016.

Juan_R. Vidal, Toméas Ossandén, Karim Jerbi,
Sarang 'S. Dalal, Lorella Minotti, Philippe

emantic-

[94]

[100]

[101]

[102]

[103]

Ryvlin, Philippe Kahane, and Jean Philippe
Lachaux. Category-Specific Visual Responses:
An Intracranial Study Comparing (Gammaj
Beta, Alpha, and ERP Response Selectivity.
Front. Hum. Neurosci., 4, 2010.

M. E. van de Nieuwenhuijzen, N. Axmacher,
J. Fell, C. R. Oehrn, O: WJensen,  and
M. A.J. van Gerven. Decodinghof task-
relevant and task-irrelevant intracranial EEG
representations.  Neurotmage, »137:132-139,
aug 2016.

Zahraa Sabra, Leonardo Bonilha, and Thomas
Naselaris.  Spe¢tral Emeoding of Seen and
Attended Object, Categories in the Human
Brain. J. Néurosci., 40(2):327, jan 2020.

Alexander Kraskov, '"Rodrigo Quian Quiroga,
Leila Reddy Itzhak| Fried, and Christof Koch.
Local<Field “Potentials and Spikes in the
Human Medial Temporal Lobe are Selective
to“Image Category. J. Cogn. Neurosci.,
19(3):479-492, mar 2007.

Thoméas P, RE€ber, Marcel Bausch, Sina Mackay,
Jan Bostrom, Christian E. Elger, and Florian
Mormann. Representation of abstract seman-
tic knowledge in populations of human single
neurons in the medial temporal lobe. PLoS
Biol., 17(6), jun 2019.

Gary H Glover. Overview of functional magnetic
resonance imaging. Neurosurg. Clin. N. Am.,
22(2):133-9, vii, apr 2011.

Hiroyuki Akama and Brian Murphy. FEmerg-
ing methods for conceptual modelling in neu-
roimaging.  Behaviormetrika, 44(1):117-133,
jan 2017.

Kai J. Miller, Dora Hermes, and Nathan P. Staff.
The current state of electrocorticography-
based brain—computer interfaces.
Focus, 49(1):E2, jul 2020.

Francesco Cardinale, Giuseppe Casaceli, Fabio
Raneri, Jonathan Miller, and Giorgio Lo
Russo. Implantation of Stereoelectroen-
cephalography Electrodes: A Systematic Re-
view. J. Clin. Neurophysiol., 33(6):490-502,
dec 2016.

Timo Kirschstein and Riidiger Kéhling. What is
the source of the EEG? Clin. EEG Neurosci.,
40(3):146-149, jul 20009.

Daniel L. Schacter, Donna Rose Addis, and
Randy L. Buckner. Remembering the past
to imagine the future: the prospective brain.
Nat. Rev. Neurosci. 2007 89, 8(9):657-661, sep

Neurosurg.

Page 32 of 37



Page 33 of 37

oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 33
2007. Prenger, and Jack L. Gallant. Identifying
[104] Demis Hassabis, Dharshan Kumaran, and natural images from human brain activity.
Eleanor A. Maguire. Using Imagination to Un- Nat. 2008 4527185, 452(7185):352-355, man
derstand the Neural Basis of Episodic Memory. 2008.
J. Neurosci., 27(52):14365-14374, dec 2007. [115] Yoichi Miyawaki, Hajime Uchida{»Okito Ya-
[105] Karl K. Szpunar, Jason M. Watson, and mashita, Masa aki Sato, ¥usuke Morito, Hi-
Kathleen B. McDermott. Neural substrates of roki C. Tanabe, Norihiro Sadate,and Yukiyasu
envisioning the future. Proc. Natl. Acad. Sci., Kamitani. Visual Image Reconstruction from
104(2):642-647, jan 2007. Human Brain Activity using, a Combination
[106] Daniel L. Schacter, Donna Rose Addis, Demis of Multiscale Local Image Decoders. Neuron,
Hassabis, Victoria C. Martin, R. Nathan 60(5):915-929, dec 2008.
Spreng, and Karl K. Szpunar. The Future of [116] Thomas Naselaris, Ryan J: Prenger, Kendrick N.
Memory: Remembering, Imagining, and the Kay, Michael ©Olivery=~and Jack L. Gal-
Brain. Neuron, 76(4):677-694, nov 2012. lant. Bayesian reconstruction of natural im-
[107] Martin J. Chadwick, Demis Hassabis, Nikolaus ages from human brain activity. Neuron,
Weiskopf, and Eleanor A. Maguire. Decoding 63(6):902-915, sep 2009.
Individual Episodic Memory Traces in the [117] Radoslaw M. €ichy, Jakob Heinzle, and John Dy-
Human Hippocampus. Curr. Biol., 20(6):544, lan Haymes. Imagery and Perception Share
mar 2010. Cortical Representations of Content and Loca-
[108] Heidi M. Bonnici, Martin J. Chadwick, Antoine tion. \Cereb. Cortex, 22(2):372-380, feb 2012.
Lutti, Demis Hassabis, Nikolaus Weiskopf, and ~ [118] Jgél Pearson. The human imagination: the cog-
Eleanor A. Maguire. Detecting Representa- nitive newrbscience of visual mental imagery.
tions of Recent and Remote Autobiographical Nat. Rev. Neurosci. 2019 2010, 20(10):624—
Memories in vimPFC and Hippocampus. J. 634, aug 2019.
Neurosci., 32(47):16982-16991, nov 2012. [119] €Chris McNorgan. A meta-analytic review of
[109] Michael D. Rugg and Kaia L. Vilberg. Brain net- multisensory imagery identifies the neural
works underlying episodic memory retrieval. correlates of modality-specific and modality-
Curr. Opin. Neurobiol., 23(2):255-260, apr general imagery.  Front. Hum. Neurosci.,
2013. 6(SEPTEMBER), sep 2012.
[110] Janice Chen, Yuan Chang Leong, Christopher J.  [120] Stephen M. Kosslyn, William L. Thompson, and
Honey, Chung H. Yong, KennetheA.“ Neor- Giorgio Ganis. The Case for Mental Imagery.
man, and Uri Hasson. Shared memories reveal Case Ment. Imag., pages 1-248, apr 2010.
shared structure in neural activitysacross indi-  [121] Stephen M. Kosslyn, Giorgio Ganis, and
viduals. Nat. Neurosci. 2016/201, 20(1):115— William L. Thompson. Neural foundations
125, dec 2016. of imagery. Nat. Rev. Neurosci. 2001 29,
[111] Christopher Baldassano,3Janice  Chens Asieh 2(9):635-642, sep 2001.
Zadbood, Jonathan W& Pillew, Uri Hasson, [122] Bence Nanay. Multimodal mental imagery.
and Kenneth A. Norman. »Discovéring Event Cortex, 105:125-134, aug 2018.
Structure in Continuous Narrative Perception  [123] Simon Lacey and K. Sathian. Multisensory
and Memory. Neuron, 95(3):709-721.e5, aug object representation: insights from studies of
2017. vision and touch. Prog. Brain Res., 191:165—
[112] Robert A. Mason andMarcel Adam Just. Neural 176, 2011.
Representations Yof Procedural Knowledge. [124] Rose Bruffaerts, Simon De Deyne, Karen
Psychol. [Sci., 31(6):729-740, jun 2020. Meersmans, Antonietta Gabriella Liuzzi, Gert
[113] Bertrand Thirion, Edouard Duchesnay, Edward Storms, and Rik Vandenberghe. Redefining
Hubbard, * Jessica Dubois, Jean Baptiste the resolution of semantic knowledge in the
Poline, Denig:Lebihan, and Stanislas Dehaene. brain: Advances made by the introduction
Inverse retinotopy: inferring the visual content of models of semantics in neuroimaging.
of imagestfrom brain activation patterns. Neurosci. Biobehav. Rev., 103:3-13, aug 2019.
Neuroimage, 33(4):1104-1116, 2006. [125] Eleanor Rosch. Principles of Categorization.
[114] Kendrick N. Kay, Thomas Naselaris, Ryan J. Readings Cogn. Sci. A Perspect. from Psychol.



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 34

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

Artif. Intell., pages 312-322, oct 1978.

Jeffrey R. Binder, Lisa L. Conant, Colin J.
Humphries, Leonardo Fernandino, Stephen B.
Simons, Mario Aguilar, and Rutvik H. Desai.
Toward a brain-based componential semantic
representation.  Cogn. Neuropsychol., 33(3-
4):130-174, may 2016.

George S. Cree and Ken McRae.
the Factors Underlying the Structure and
Computation of the Meaning of Chipmunk,
Cherry, Chisel, Cheese, and Cello (and many
Other Such Concrete Nouns). J. Ezp. Psychol.
Gen., 132(2):163-201, jun 2003.

P. Garrard, M. A. Lambon Ralph, J. R.
Hodges, and K. Patterson. Prototypicality,
distinctiveness, and intercorrelation: Analyses
of the semantic attributes of living and
nonliving concepts. Cogn. Neuropsychol.,
18(2):125-174, 2001.

Wim Ruts, Simon De Deyne, Eef Ameel, Wolf
Vanpaemel, Timothy Verbeemen, and Gert
Storms.

Analyzing

Dutch norm data for 13 semantic
categories and 338 exemplars. Behav. Res.
Methods. Instrum. Comput., 36(3):506-515,
2004.

Mark Palatucci, Dean Pomerleau, Geoffrey E.
Hinton, and Tom M. Mitchell. Zere-shot
Learning with Semantic Output Codes. Adw.
Neural Inf. Process. Syst., 22, 2009.

Scott Deerwester, Susan T. Dumais, George W.
Furnas, Thomas K. Landauer, and"Richard
Harshman.  Indexing by latent semantie
analysis. J. Am. Soc. Inf. Sci., 41@:3914—
407, 1990.

Thomas K. Landauer and Susan /T'. Dumais.
A Solution to Plato’s ‘Problem: ‘ThefLatent
Semantic Analysis Theoryy of Acquisition,
Induction, and Representation of Knowledge.
Psychol. Rev., 104(2):211-240,,1997.

Tomas Mikolov, Ilya Sutskever, Kai Chen,
Greg S. Corrado, and Jeff Dean. Distributed
Representations off Words ‘and Phrases and
their Compositionalitys  Adv. Neural Inf.
Process. Syst., 26, 2013.

Jeffrey Pennington, Richard Socher, and Christo-
pher Dy Manning. GloVe: Global Vectors
forf Word Representation. FEMNLP 2014 -
2014,Conf. Empir. Methods Nat. Lang. Pro-
cess. ProesiConf., pages 1532—-1543, 2014.

Francisco Pereira, Samuel Gershman, Samuel
Ritter, and Matthew Botvinick. A compar-

[136]

[137]

[138]

[139]

[140]

41

[142]

[143]

[144]

[145]

[146]

ative evaluation of off-the-shelf distributed
semantic representations for modelling, be-
havioural data. Cogn. Neuropsychols.33(3=
4):175-190, may 2016.

George A. Miller and Walter 4G.. Charles.
Contextual correlates of Semantic similarity.
https://doi.org/10.1080/016909691084 06936,
6(1):1-28, jan 2007.

Stephen Clark. Vector Space Models of Lexical
Meaning. Handb. Contemp. Semant. Theory,
pages 493-522, aug 2015.

Katrin Erk. VectorsSpace Models of Word
Meaning and Phrase Meaning: A Survey.
Lang. Linguist.\ Compass, 6(10):635-653, oct
2012.

Peter D. Turney and, Patrick Pantel.
Frequency to Meaning: Vector Space Models
of Semantics.  WdArtif. Intell. Res., 37:141—
188, feb 2010:

Tomas Mikolov, Kai Chen, Greg Corrado, and
Jeffrey Dean. Efficient Estimation of Word
Representations in Vector Space. undefined,
2013.

MarcoBaroni, Georgiana Dinu, and Germén

predict! A
systematic comparison of context-counting vs.
context-predicting semantic vectors.  52nd
Annu. Meet. Assoc. Comput. Linguist. ACL
2014 - Proc. Conf., 1:238-247, 2014.

Paul Hoffman and Matthew A. Lambon Ralph.
From percept to concept in the ventral tempo-
ral lobes: Graded hemispheric specialisation
based on stimulus and task. Cortez., 101:107—
118, apr 2018.

Je Young Jung, Stephen R. Williams, Faezeh
Sanaei Nezhad, and Matthew A. Lambon
Ralph. GABA concentrations in the anterior
temporal lobe predict human semantic pro-
cessing. Sci. Rep., 7(1), dec 2017.

Johannes Miiller-Gerking, Gert Pfurtscheller,
and Henrik Flyvbjerg. Designing optimal
spatial filters for single-trial EEG classification
in a movement task. Clin. Neurophysiol.,
110(5):787-798, may 1999.

Benjamin Blankertz, Ryota Tomioka, Steven
Lemm, Motoaki Kawanabe, and Klaus Robert
Miiller. Optimizing spatial filters for robust
EEG single-trial analysis. IEEE Signal
Process. Mag., 25(1):41-56, 2008.

Y. Anzai.  Pattern Recognition € Machine
Learning. Elsevier, 1992.

From

Kruszewski. Don’t count,

Page 34 of 37



Page 35 of 37

oNOYTULT D WN =

[147] Ethem Alpaydin.  Introduction to Machine
Learning. MIT Press, 2004.

[148] Yann Lecun, Yoshua Bengio, and Geoffrey
Hinton. Deep learning. Nat. 2015 52175583,
521(7553):436-444, may 2015.

[149] Foroogh Shamsi, Ali Haddad, Laleh Najafizadeh
-, Boyu Zang, Yanfei Lin, Zhiwen Liu, Al |
Bashar Awwad Shiekh Hasan, and John Q Gan
-.  Deep learning for electroencephalogram
(EEG) classification tasks: areview. J. Neural
Eng., 16(3):031001, apr 2019.

[150] D McFarland and Jonathan R Wolpaw Den-

nis J. McFarland William A. Sarnacki.

Brain—computer interface (BCI) operation:

optimizing information transfer rates. Biol.

Psychol., 63(3):237-251, 2003.

R Wolpaw, N Birbaumer, W J Heetderks,

D J McFarland, P H Peckham, G Schalk,

E Donchin, L. A Quatrano, C J Robinson,

and T M Vaughan. Brain-computer inter-

face technology: a review of the first interna-
tional meeting. IFEFE Trans. Rehabil. Eng.,

8(2):164-173, jun 2000.

[152] C.E. Shannon. A Mathematical theory of
communication. Bell Syst. Tech. J., 27:379—
423, 1948.

[153] Martin Billinger, Ian Daly, Vera Kaiser,{ Jing
Jin, Brendan Allison, Gernot Miiller-Putz, and
Clemens Brunner. Is it significant? ;,Guidelines

[151] J

for reporting BCI performance. In Brendan Z.
Allison, Stephen Dunne, Robert Leeb, Jose
Del R. Milan, and Anton Nijholt, editors,
Towar. Pract. BCIs Bridg. Gap frozqRes. to
Real-World Appl., chapter 174 pages 333-354.
Springer, 2012.

[154] James V. Haxby, J. Swareop Guntupalli, An-
drew C. Connolly, Yaroslav, O. Halchenko,
Bryan R. Conroy, M¢ Ida)Gobbini, Michael
Hanke, and Peter J! Ramadge. A Common,
High-Dimensional Model of the Representa-
tional Space inHuman Ventral Temporal Cor-
tex. Neuron, 72(2):404-416; oet 2011.

[155] K. J. (Karl J.) Friston, John Ashburner, Ste-
fan Kiebgl, Thomas Nichols, and William D.
Penny. [Statistical parametric mapping : the
analysisy of “funtional brain images.  Else-
vier/Academic Press, 2007.

[156] Nikolaus Kriegeskorte. Representational simi-
larity “amalysis — connecting the branches of
systems neuroscience. Front. Syst. Neurosci.,
2008.

[157]

[158]

[159]

[160]

[161]

162]

163

[164]

[165]

[166]

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 35

Haim Dubossarsky, Simon De Deyne, »and
Thomas T. Hills. Quantifying the structure of
free association networks across the life span:
Dev. Psychol., 53(8):1560-1570, aug 2017-

Ying Yang, Jing Wang, Cyntia Bailer, Vladimir
Cherkassky, and Marcel Adam Just. » Com-
monality of neural representations, of sentences
across languages: Predicting brain activation
during Portuguese sentence comprehension us-
ing an English-based model of brain function.
Neuroimage, 146:658-666, feb 2017.

Benjamin D. Zinszers#A. Anderson, and Rajeev
D. S. Raizada. Chineserand English speakers’
neural representations of word meaning offer
a different picture of cross-language semantics
than corpus and bhehavioral measures.
fined, 2016.

Rajeev Di'S:, Raizada and Andrew C. Connolly.
What MakeshDifferent People’s Representa-
tions Alike: Neural Similarity Space Solves the
Problem of Across-subject fMRI Decoding. J.
Cogn. Neufosci., 24(4):868-877, apr 2012.

Marieke Mur, Peter A. Bandettini, and Nikolaus
Kriegeskorte. Revealing representational con-

unde-

tent with pattern-information fMRI—an intro-
ductory guide. Soc. Cogn. Affect. Neurosci.,
4(1):101-109, mar 2009.
Kun Tu, David G. Cooper, and Hava T. Siegel-
Memory reconsolidation for natu-
Cogn. Neurodyn.,

mann.
ral language processing.
3(4):365-372, dec 20009.

Yagmur Giigliittirk, Umut Giiglii, Marcel van
Gerven, and Rob van Lier. Representations of
naturalistic stimulus complexity in early and
associative visual and auditory cortices. Sci.
Rep., 8(1):3439, dec 2018.

Eleanor Rosch, Carolyn B Mervis, Wayne D
Gray, David M Johnson, and Penny Boyes-
Braem. Basic objects in natural categories.
Cogn. Psychol., 8(3):382-439, jul 1976.

Signe Bray, Catie Chang, and Fumiko Hoeft.
Applications of multivariate pattern classifi-
cation analyses in developmental neuroimag-
ing of healthy and clinical populations. Front.
Hum. Neurosci., 3:32, 2009.

Istvéan Akos Mérocz, Firdaus Janoos, Peter
van Gelderen, David Manor, Avi Karni,
Zvia Breznitz, Michael von Aster, Tammar
Kushnir, and Ruth Shalev. Time-resolved and
spatio-temporal analysis of complex cognitive
processes and their role in disorders like



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 36

developmental dyscalculia. Int. J. Imaging
Syst. Technol., 22(1):81-96, mar 2012.

[167] Brian N. Pasley and Robert T. Knight. Decoding
Speech for Understanding and Treating Apha-
sia. In Prog. Brain Res., volume 207, pages
435-456. 2013.

[168] Firdaus Janoos, Gregory Brown, Istvan A.
Moérocz, and William M. Wells. State-Space
Analysis of Working Memory in Schizophrenia:
An FBIRN Study. Psychometrika, 78(2):279—
307, apr 2013.

[169] Saul Sternberg. High-speed scanning in human
memory. Science (80-. )., 153(3736):652-654,
aug 1966.

[170] Marcel Adam Just, Vladimir L. Cherkassky,
Augusto Buchweitz, Timothy A. Keller, and
Tom M. Mitchell. Identifying Autism from
Neural Representations of Social Interactions:
Neurocognitive Markers of Autism. PLoS
One, 9(12):113879, dec 2014.

[171] Anibal Sélon Heinsfeld, Alexandre Rosa Franco,
R. Cameron Craddock, Augusto Buchweitz,
and Felipe Meneguzzi. Identification of autism
spectrum disorder using deep learning and the
ABIDE dataset. NeuroImage Clin., 17:16-23,
2018.

[172] Andrew James Anderson and Feng Lin. {How
pattern information analyses of semantic brain
activity elicited in language comprehension
could contribute to the early identification
of Alzheimer’s Disease. Neurolmage Clin.,
22:101788, 2019.

[173] Serguei V.S. Pakhomov, Laura«S.. Hemmy,
and Kelvin O. Lim. Automated’ semantic
indices related to cognitive  function and

rate of cognitive decline.l” Neuropsychologia,
50(9):2165-2175, jul 2012.
[174] Marcel Adam Just, Lisa 'Pan, »Vladimir L.

Cherkassky, Dana L..McMakiny Christine Cha,
Matthew K. Nock, and David Brent. Machine
learning of neural representations of suicide
and emotion concepts idéntifies;suicidal youth.
Nat. Hum. Behav., 1(12):911-919, dec 2017.

[175] Jonathan RfWolpaw. Brain-computer interfaces
as new brain output pathways. J. Physiol.,
579(Pt:3):618-619, mar 2007.

[176] Jonathan R Walpaw, Niels Birbaumer, Dennis J
McFarland, Gert Pfurtscheller, and Theresa M
VaughanyBrain-computer interfaces for com-
munication and control. Clin Neurophysiol,
113:767=791, jun 2002.

[177) N Jeremy Hill, Erin Ricci, Sameah ,Haider,
Lynn M McCane, Susan Heckman, Jonathan R
Wolpaw, and Theresa M Vaughan. A
practical, intuitive brain—computer interface
for communicating ‘yes’ or ‘no’ by listening.
J. Neural Eng., 11(3):035003, jun 2014:

[178] Sonja C Kleih, Andreas Herweg, Tobias Kauf-
mann, Pit Staiger-Sélzer, Natascha Gerstner,
and Andrea Kiibler. The WIN-speller: a
new intuitive auditory’brain-ecomputer inter-
face spelling application. Front. Neurosci.,
9:346, 2015.

[179] Eman Albilali, Hatim Abealsamh, and Areej Al-
Wabil. Comparingbrain-computer interaction
and eye tracking as _input modalities: An
exploratory study. »In 2013 Int. Conf. Curr.
Trends Infy Technol., pages 232-236. IEEE,
dec 2013

[180] Kaori [ Suefusamand Toshihisa Tanaka. A
comparison study of visually
brain—computer and eye-tracking interfaces.
J. Neural-Bng., 14(3):036009, jun 2017.

[181] Sijie Zhou, Jing Jin, Tan Daly, Xingyu Wang,
and "Andrzej Cichocki. Optimizing the Face
Paradigm of BCI System by Modified Mis-
match Negative Paradigm. Front. Neurosci.,
10:444, oct 2016.

[182] Tvan Volosyak and Hochschule Rhein-Waal.
EEG-based  brain-computer interfaces for
healthcare applications. 2016.

[183] S. Tauroza and D. Allison. Speech Rates in
British English. Appl. Linguist., 11(1):90-105,
mar 1990.

[184] Vladimir V. Bochkarev, Anna V. Shevlyakova,
and Valery D. Solovyev. Average word length
dynamics as indicator of cultural changes in
society. aug 2012.

[185] Emanuele Pasqualotto, Tamara Matuz, Stefano
Federici, Carolin A. Ruf, Mathias Bartl, Marta
Olivetti Belardinelli, Niels Birbaumer, and
Sebastian Halder. Usability and Workload
of Access Technology for People With Severe
Motor Impairment. Neurorehabil. Neural
Repair, 29(10):950-957, nov 2015.

[186] Han-Jeong Hwang, Jeong-Hwan Lim, Young-Jin
Jung, Han Choi, Sang Woo Lee, and Chang-
Hwan Im. Development of an SSVEP-based
BCI spelling system adopting a QWERTY-
style LED keyboard. J. Neurosci. Methods,
208(1):59-65, jun 2012.

[187] Christoph Kapeller, Kyousuke Kamada, Hiroshi

stimulated

Page 36 of 37



Page 37 of 37

oNOYTULT D WN =

[188]

[189)]

[190]

[191]

[192]

193]

[194]

[195]

Ogawa, Robert Prueckl, Josef Scharinger, and
Christoph Guger.
BCT using code-based VEP for control in video
applications: a single-subject study. Front.
Syst. Neurosci., 8:139, 2014.

M Wairagkar, Tan Daly, Yoshikatsu Hayashi, and
Slawomir Nasuto. Novel single trial movement

An electrocorticographic

classification based on temporal dynamics of
EEG, aug 2014.

Jing Jin, Tan Daly, Yu Zhang, Xingyu Wang, and
Andrzej Cichocki. An optimized ERP brain-
computer interface based on facial expression
changes. J. Neural Eng., 11(3):036004, apr
2014.

T Kaufmann, S M Schulz, C Griinzinger,
and A Kiibler. Flashing characters with
famous ERP-based brain-

J. Neural

faces improves
computer interface performance.
Eng., 8(5):056016, oct 2011.

Long Chen, Jing Jin, Ian Daly, Yu Zhang,
Xingyu Wang, and Andrzej Cichocki. Explor-
ing Combinations of Different Color and Fa-
cial Expression Stimuli for Gaze-Independent
BCIs.
2016.

Mingiang Huang, Ian Daly, Jing Jin, Yu Zhang,
Xingyu Wang, and Andrzej Cichocki.< An
exploration of spatial auditory BCI paradigms

Front. Comput. Neurosci., 10:5, jan

with different sounds: music notes versus

beeps.  Cogn. Neurodyn., 10(3):201%9, jun
2016.
Gert Pfurtscheller, Teodoro Solis-Escalante, Ru-

pert Ortner, Patricia Linortnery and Ger-
not R Miller-Putz. Self-paged operation of
an SSVEP-Based orthosis with and without
an imagery-based ”brain/switch:", a feasibil-
ity study towards a hybrid BCI. IEEE Trans.
Neural Syst. Rehabil. £ng.)18(4):409-414, aug
2010.

Minjue Wang, Ian Daly, Brendan Z Allison, Jing
Jin, Yu Zhang; Lanlan Chen, and Xingyu
Wang. A new hybrid BCI paradigm based on
P300 and SSVEP. J. Neurosci. Methods, jul
2014.

Kyle Rupp, Matthew Roos, Griffin Milsap, Car-
los Cageres, Christopher Ratto, Mark Chevil-
let,/ Nathan E. Crone, and Michael Wolmetz.
Semantic attributes are encoded in human
electrocorticographic signals during visual ob-
ject recognition. Neuroimage, 148:318-329,
mar 2017.

[196]

[197]

[198]

[199]

[200]

[201]

[202]

[203]

[204]

[205]

AUTHOR SUBMITTED MANUSCRIPT - JNE-105027.R2

Neural decoding of semantic concepts: A systematic literature review 37

Ben McCartney, Jesus Martinez-del ,Rincon,
Barry Devereux, and Brian Murphy. A zero-
shot learning approach to the development of
brain-computer interfaces for image retrieval.
PLoS One, 14(9):€0214342, sep 2019.

Jeroen Geuze, Jason Farquhar, Peter Desain,
MAJ van Gerven, and P Horki. Towards
a Communication Brain Computer nterface
Based on Semantic Relations. PLoS One,
9(2):e87511, feb 2014,

M A Wenzel, M Bogojeski, and, B Blankertz.
Real-time inferencemofyword relevance from
electroencephalogram andseye gaze. J. Neural
Eng., 14(5):05600750ct 2017.

Richard A. Andersen, Eun Jung Hwang, and
Grant H. Mulliken:, Cognitive Neural Pros-
thetics. “Annu. Rev. Psychol., 61(1):169-190,
jan 2010:

L.M.J.[ Nagals-Coune, D. Kurban, N. Reuter,
A “Benitez, L.K. Gosse, L. Riecke, R. Goebel,
and B. Sorger. Yes or No? - Binary brain-
baséd cominunication utilizing motor imagery
and fNIRS. In 7th Graz Brain-Computer
Interface Conf. 2017, pages 355—-360, 2017.

Bettina Sorger, Brigitte Dahmen, Joel Reithler,
Olivia Gosseries, Audrey Maudoux, Steven
Laureys, and Rainer Goebel. Another kind of
‘BOLD Response’: answering multiple-choice
questions via online decoded single-trial brain
signals. In Prog. Brain Res., volume 177,
pages 275-292. 2009.

Jogrgen Dines. Johansen and Svend Erik Larsen.
Signs in use :
page 246, 2002.

Mariya Timofeeva. Semiotic training for brain-
computer interfaces. In Proc. 2016 Fed. Conf.
Comput. Sci. Inf. Syst. FedCSIS 2016, pages
921-925. Institute of Electrical and Electronics
Engineers Inc., nov 2016.

Dan Ariely and Gregory S. Berns.
keting: the hope and hype of neuroimaging in
business. Nat. Rev. Neurosci., 11(4):284-292,
apr 2010.

Giulio Mecacci and Pim Haselager. Identifying
Criteria for the Evaluation of the Implications
of Brain Reading for Mental Privacy. Sci. Eng.
Ethics, 25(2):443-461, apr 2019.

an introduction to semiotics.

Neuromar-



