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Neural systems have evolved to process sensory stimuli in a way that allows for
efficient and adaptive behavior in a complex environment. Recent technological
advances enable us to investigate sensory processing in animal models by
simultaneously recording the activity of large populations of neurons with single-
cell resolution, yielding high-dimensional datasets. In this review, we discuss
concepts and approaches for assessing the population-level representation of
sensory stimuli in the form of a representational map. In such a map, not only
are the identities of stimuli distinctly represented, but their relational similarity is
also mapped onto the space of neuronal activity. We highlight example studies
in which the structure of representational maps in the brain are estimated from
recordings in humans as well as animals and compare their methodological
approaches. Finally, we integrate these aspects and provide an outlook for how
the concept of representational maps could be applied to various fields in basic
and clinical neuroscience.

KEYWORDS

sensory coding, large-scale recording, neuronal population activity, neuronal tuning,
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What is a representational map?
From single cells to maps

Electrophysiological recordings of single neurons have been extremely influential in our
understanding of how neural activity is modulated by sensory stimuli and their physical
properties, such as pure tone frequency or drifting grating orientation (Galambos and Davis,
1943; Hubel and Wiesel, 1962). However, compared to the sensory epithelium and early
processing stations in the brainstem, neurons in higher-order areas in the cortex reconstruct
stimulus identity from an increasingly cognitive, rather than purely physical, point of view.
Single neuron representations become more selective to complex features (Bizley et al., 2007;
Bizley and Walker, 2009; Sieben et al., 2013), and tolerant to identity-preserving variations in
scale, position or intensity (Rust and DiCarlo, 2012). Further, sensory responses in higher
order areas can be influenced by learning and behavioral states (McGinley et al., 2015; Vinck
etal., 2015). While these findings were traditionally based on recordings of limited numbers
of single neurons, a qualitative change in analyzing sensory responses was introduced through
the emergence of techniques to measure the activity of large neuronal populations, particularly
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in the cortex (Saxena and Cunningham, 2019; Steinmetz et al., 2021;
Grienberger et al., 2022). This technical development has created the
possibility of new modes of interpretation, beyond the single-neuron
tuning curve, to capture the self-organizing dynamics that underlie
the representations of sensory input at the population level (Brette,
2018; Ebitz and Hayden, 2021; Panzeri et al., 2022). The analysis of
population dynamics enables us to understand how the brain maps
relevant information onto an internalized space to inform perception
and behavior.

Representational maps in the brain

To navigate efficiently through the external world with its ever-
changing demands and challenges, our brains continuously store and
process information. This information is represented in neural activity
that informs and underlies behaviorally relevant computations (Marr,
1982). The structure of these internal neural representations reflects
the relationships between their real-world counterparts, optimizing
the inferences drawn from them (Buckner and Carroll, 2007; Behrens
et al.,, 2018; Barron et al., 2020; Park et al., 2020).

In this review, we focus on the structured representation of
informational entities in the brain, or the brain’s representational map,
as a fundamental mode of organization across different cognitive
domains (Behrens et al,, 2018; Kriegeskorte and Wei, 2021). Although
the term ‘map’ typically refers to a two-dimensional representation of
relationships in physical space, it is used here in a much broader
sense (Brette, 2018). In a traditional topographic map of a town, for
example, the physical distance of items like buildings and streets
corresponds to their mapped distance. In specific cases, some
properties of the neural representational map are similarly mapped
in physical space, e.g., the cortical surface, leading to topographically
organized sensory representations such as auditory tonotopy or
retinotopic organization in visual cortex (Driger, 1975; Guo et al,,
2012). However, in a more general sense, neural representational
maps depict cognitive relationships as similarities of population
activity in an abstracted neural activity space (Shepard and Chipman,
1970; Edelman, 1998; Kriegeskorte et al,, 2008a). Thus, a high
similarity in activity patterns would correspond to a close relationship
between two items (Connolly et al, 2012). Importantly, the
intentionally loose term “relationship” can describe various
properties, allowing the simultaneous generation of multiple,
complementary representational maps in the brain.

For our review, we define the concept of a representational map
in the brain as follows:

1. A representational map exists in a space that is defined by
neuronal activity.

2. Relevant representational entities must be distinguishable from
each other in this map, ie., associated with distinct
activity patterns.

3. The map depicts relationships between representational entities
in a way that informs neural computations.

4. These relationships are encoded as similarity or dissimilarity of
activity patterns.

The useful properties of a representational map are clear when
contrasted with hypothetical patterns of brain activity in which each
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representational entity is associated with a unique activity pattern that
is equally distinct from all other entities. Despite its efficient coding,
such a representation would be limited in its ability to guide decisions
and behavior (Brette, 2018). In contrast to a map, this scenario is
comparable to a randomized list of items, which provides no
information on their relational structure. A representational map,
however, not only enables the identification of representational entities
and their relationships to each other, but also enables inferences about
novel stimuli (Behrens et al., 2018; Pashkovski et al., 2020), since the
activity pattern evoked by a novel stimulus will correspond to a
particular position on the representational map, providing implicit
relational information to other stimuli.

As representational maps exist in an abstract space defined by
the activity of the neuronal population, the dimensionality of this
space is — in principle - as large as the number of neurons in that
population. As the number of neurons accessing sensory input
typically increases from the sensory epithelium to higher cortical
areas, the dimensionality of representation, in theory, could grow
massively. In practice, however, the relevant neural activity space is
constrained by many variables including metabolic, biophysical, and
anatomical factors, as well as by the constraints of real-world
contexts and associations. Many neurons in a recorded population
have highly correlated activity (Pillow et al., 2008; van den Brink
etal, 2019; Gava et al., 2021), or contribute relatively few spikes to
the overall activity during the investigated event or time period
(Willmore et al,, 2011). Representational maps thus tend to occupy
a lower-dimensional topological subspace (Santhanam et al., 2009;
Sadtler et al., 2014; Luczak et al., 2015). The structure of neuronal
activity within a high-dimensional space is often described by
manifolds (Jazayeri and Ostojic, 2021), which relate to the concept
of a representational map (Gallego et al., 2017; Mitchell-Heggs et al.,
2023). However, a representational map puts particular emphasis on
the relational structure of the represented entities. As such, a
manifold can be rather used to describe the general geometry a
representational map occupies in neuronal activity space, where the
structure of the map itself highlights the relational information of
the represented items.

Representational maps of sensory features:
topography and beyond

As mentioned above, classical examples of low dimensional
representational maps — namely, sensory topographic maps where
functional properties follow an anatomical organization - can
be constructed from the activity of neurons whose feature tuning
varies according to their positions on the two-dimensional cortical
surface. Reflecting the organization of projections from the sensory
epithelium, topographically organized maps of stimulus features are a
hallmark of sensory systems (Dréger, 1975; Merzenich et al., 1975;
Kaas, 1997; Lietal,, 2023). In the primary visual cortex (V1), neurons
are arranged in a topographic manner that corresponds to the position
of stimuli in the visual field (Allman and Kaas, 1971). V1 neurons
respond to stimuli in a specific location, with adjacent neurons
responding to adjacent locations in the visual field. Studies in the
(S1)
representational maps for different sensory areas of the body (Nelson

somatosensory — cortex have similarly demonstrated

etal., 1980). In the auditory cortex, local neural tuning to pure tone
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frequency progresses systematically along the cortical surface
(Merzenich et al., 1975). Classical sensory cortical topography fulfills
the representational map criteria laid out previously: pure tone
frequency is mapped onto a low-dimensional space, where the
distance between frequency regions corresponds to the similarity of
the stimuli, albeit the degree of organization can vary across species
(Kaschube, 2014). Furthermore, a topographical organization of
functional dimensions, that reach beyond simple physical properties
have been described in the language processing system (Huth et al.,
2012, 2016).

However, topographically mapped sensory properties are not
the only features critical for identifying and analyzing relevant
stimuli. There are complex features that researchers were unable to
find a topographical organizing principle. For example, it is known
that auditory cortical neurons are sensitive to diverse stimulus
properties, from physical variables such as intensity, to perceptual
variables such as pitch (Bendor and Wang, 2005). Most of these
features are not inherited in a topographically organized ‘labeled
lin€e’ structure from peripheral projections. Further, some relevant
stimulus attributes, particularly those that are complex and
multidimensional, may only be represented distinctly at higher
levels of the processing chain.

The emergence of higher-order perceptual representations may
partly be due to an increasing convergence in network connectivity
(Singer, 2021). Convergence enables two processes that aid the
formation of cognitive categories and the ability to judge perceptual
similarity beyond a simple analysis of physical attributes: First, each
individual neuron in a cortical area has access to more of the sensory
environment than lower-level neurons due to the expansion of the
number and diversity of inputs (Felleman and Van Essen, 1991;
Guillery and Sherman, 2002; Babadi and Sompolinsky, 2014). Second,
network activity encoding low-dimensional stimulus relationships
(e.g., intensity or frequency differences) can be broadcast to a large
population, generating diverse combinatorial codes, and distributing
information about these relationships over a higher-dimensional
space (Fusi et al., 2016; Rossi-Pool et al, 2021). This higher-
dimensional structure, with both hierarchical and recurrent network
elements, is remarkably robust at generating useful cognitive
constructs that allow for the analysis and interpretation of external
events, whether familiar or novel, despite the fact that only few feature
dimensions map on the cortical surface. With this, the concept of a
representational map goes beyond classical topographically organized
maps. Hence, topographical maps can be understood as a subset of the
more general definition of representational maps in the space of
neuronal activity, as described above.

Sensory items are represented on multiple representational maps
across a processing hierarchy simultaneously. The structure of these
maps will differ, however. Here, analogous to single cell receptive
fields, representations of physical properties will be increasingly
replaced by perceptual properties and the similarity of activity patterns
will rather reflect perceptual similarity (Op de Beeck et al., 2008;
Carlson et al., 2014). Importantly, this can lead to the phenomenon
that stimuli that are represented distinctly on low-level representational
maps, could be mapped together on high-level representational maps,
reflecting the formation of perceptual categories (Connolly
etal., 2012).

Representational maps can also be found at further stages of a
sensory-motor transformation, such as the hippocampus (Park et al.,
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2020; Nieh et al,, 2021), cortical association (Carota et al., 2017;
Whittington et al, 2022; Nelli et al, 2023) and motor areas
(Santhanam et al., 2009; Churchland et al., 2012; Gallego et al., 2017;
Keller and Mrsic-Flogel, 2018). Multiple activity patterns each
confined to lower processing complexity, could be interlinked with
each other in larger circuits to form higher-order, potentially
multisensory and complex representational maps (Popham et al.,
2021). Moreover, such parallel representational maps interconnected
by feedforward, but also feedback connections can help to interpret
mixed neuronal activity patterns in response to similar stimuli in
changing context (Rigotti et al., 2013; Deniz et al., 2023; Kira et al,,
2023): Based on the specific context, a certain stimulus might
be represented on different representational maps, which are selected
to optimize behavioral inferences drawn from the map in this
situation. Thus, the neuronal representation of stimuli by mixed-
their
representational maps and therefore enables flexible interpretations

selectivity neurons allows embedding on different
based on different contextual information.

Although the representational map approach offers a unified
perspective to extract relevant features of neuronal activity at both
high and low levels of the processing chain, in this review we will focus
on sensory representational maps.

To experimentally estimate the structure of a representational
map in the brain, a sufficiently large and representative number of
neurons need to be sampled and analyzed (Shepard, 1980).
Although the relevant structure can be captured in fewer
dimensions than the number of recorded neurons, it is typically
larger than two or three (Haxby et al., 2011; Stringer et al., 2019),
complicating visualization. To overcome this problem, two or three
dimensions that explain the most variability in neuronal activity are
often selected for visualization using one of various dimensionality
reduction techniques (Yu et al., 2009; Ganguli and Sompolinsky,
2012; Cunningham and Yu, 2014). Figure 1 schematizes a
representational map of a sensory scene in the brain and the
experimental estimation of its structure in a dimension-reduced
form (Figure 1A). An equivalent process can be applied to various
hierarchical levels of information processing in the brain
(Figures 1B,C), ranging from basic sensory stimulus representations
in a perceptual context (Figure 1C, left), to abstract representations
of environments and cognitive schemes (Figure 1C, right) (Tolman,
1948; O'Keefe and Nadel, 1978; Schuck et al., 2016; Rubin et al.,
2019; Park et al., 2020). In this schematic, feedforward sensory
processing across hierarchical brain structures is emphasized, but
it should be noted that feedback from higher-order brain structures
likely impacts a representational map. Importantly, multiple
representational maps at different processing levels are not
exclusive, but rather complement each other (Jacobs and Schenk,
2003), and should be read out simultaneously in order to optimize
behavior (Semedo et al., 2019).

In the following sections, we first highlight examples of how
representational maps can be estimated from neural activity across
different model systems, including human studies. We provide a
conceptual template for estimating representational maps from
neuronal population data in a given model organism, and consider the
conditions under which a representational map can arise. Finally,
we discuss the benefits and limitations of the representational map
approach and present an outlook for how it can be applied to
clinical neuroscience.
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FIGURE 1

Representational maps in the brain. (A) Schematic illustrating the formation of a representational map in the brain and the experimental estimation of
its structure: A set of informational entities, e.g., different physical stimuli, are perceived by sensory organs and transformed into neural representations
in a high-dimensional space of neuronal activities in the brain. The structure of the representational map can be estimated by neural measurements
(e.g., fMRI, electrophysiological recordings, calcium imaging, etc.) and are typically displayed and interpreted after a reduction of dimensionality.

(B) Exemplary sensory input scene that comprises various informational entities, such as water, water lilies and leaves. (C) Illustration of multiple,
complementing representational maps in the brain. In primary sensory regions, representational entities are predominantly mapped according to their
physical properties like color, shape and orientation (left panel). In hierarchically higher brain areas, representational entities organize according to
perceptional categories (mid panel), or even abstract categories (right panel).

Example studies from the literature Analysis (RSA, Kriegeskorte et al, 2008a). RSA is grounded in

psychological studies to match similarities among input (e.g.,
Representational maps in primates stimulus) properties and similarities among the internal
including humans representations (Shepard and Chipman, 1970) as well as the analysis

of single-unit recordings using population vectors (Georgopoulos
A widely used approach in the cognitive sciences to estimate the et al., 1986; Dimsdale-Zucker and Ranganath, 2018). RSA was
structure of a representational map is a Representational Similarity  specifically formulated by Edelman (1998) and first applied to human
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fMRI data (Edelman et al.,, 1998). RSA is a technique that positions
representative entities relative to each other by computing a
two-dimensional matrix, where each element corresponds to a
dissimilarity score for a given pair of vectors describing the population
activity evoked by the presentation of a given sensory stimulus
(Kriegeskorte et al., 2008a; Kriegeskorte and Kievit, 2013).

The influential work by Kriegeskorte and coworkers highlighted
the versatility and robustness of RSA by applying the methodology to
two different data types (fMRI and single-unit recording) from two
different species, human and monkey. Experimenters presented
subjects with a wide range of images of animate and inanimate objects
while measuring activity in the inferior temporal cortex (Figures 2A,B;
Kiani et al., 2007; Kriegeskorte et al., 2008b). Representational maps
were estimated by analyzing representational dissimilarity matrices
(RDM) constructed from multi-voxel and population activity patterns
(Figure 2C). Interestingly, the estimated representational maps showed
a clear structure reflecting a categorical grouping of objects according
to various features. Furthermore, they observed a striking similarity
in the organization of the representational maps, despite independent
data acquisition with different recording methods (Figures 2C,D).
Most importantly, the high correspondence in structure of the maps
across different species, suggested that the semantic mapping of the
various visual objects shared a large degree of similarity.

Up to date, analysis of representational maps has been used in the
form of RSA for neural recordings from different experimental
techniques such as EEG/MEG (Su et al., 2012; Cichy et al., 2014;
Kaneshiro et al., 2015; Wang et al., 2020) and PET (Kao et al., 2021),
covering different sensory modalities like vision (Cohen et al., 2014;

10.3389/fncel.2024.1366200

Kaneshiro et al., 2015; Cichy et al., 2016; Guntupalli et al., 2016;
Wardle et al., 2016; Groen et al., 2018; Xu and Vaziri-Pashkam, 2021;
Luo and Collins, 2023), audition (Perez-Bellido et al, 2018;
Berezutskaya et al., 2020; Mattioni et al., 2020; Bodin et al., 2021),
somatosensation (Lee Masson et al., 2018; Liu et al,, 2021; Arianiet al.,
2022; Kryklywy et al., 2023), olfaction (Fournel et al., 2016; Iravani
etal, 2021; Kato et al,, 2022) and motor planning (Ariani et al., 2022).

Representational maps in rodents

In contrast to most human studies, where neuronal activity is
typically recorded with limited spatial resolution using functional
magnetic resonance imaging, animal studies allow recordings of
neuronal activity with single-cell resolution. In the last decade,
through technological advances in genetics, in vivo microscopy, and
electrophysiological methods, large datasets of neuronal activity have
been acquired, particularly in rodent models. In these experimental
settings, the utility of traditional single-cell tuning curves starts to
diminish and the need for less biased methods to describe the complex
structure of the neuronal population data emerges.

Using in vivo calcium imaging of populations of neurons in the
mouse piriform cortex, as well as the synaptic terminals of projection
neurons stemming from the olfactory bulb, Pashkovski et al. (2020)
showed that odor representations in the olfactory cortex, and its
inputs from the olfactory bulb, are structured and organized by odor
similarity. They simultaneously acquired response vectors of several
hundred neurons after the presentation of a large odor set from
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Examples of representational maps in the human and primate brain for a common set of visual stimuli. (A) The image set from different categories
presented to monkeys and humans. Reproduced, with permission, from Kriegeskorte et al. (2008b). (B) Measurement of brain activity in human and
monkey inferior temporal cortex (IT). In human IT, neuronal activity was measured with high-resolution blood oxygen-level-dependent fMRI. In
monkey IT, single unit activity was recorded extracellularly with tungsten electrodes. (C) Representational Dissimilarity Matrices (RDM) for monkey and
human IT. The dissimilarity of the two response patterns to a given pair of stimuli was calculated and displayed as color-coded RDM. The Dissimilarity
measure was computed as 1 — r (Pearson correlation). (D) Stimulus arrangements reflecting response pattern similarity in IT for monkey and human.
Multidimensional scaling was applied to reduce the dimensionality of the RDM from C. In the resulting representational map, images close to each
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different chemical categories. A correlation analysis showed that
groups of neurons systematically represented the chemical
relationships among the set of odors. By comparing different odors on
a representational map estimated by UMAP (uniform manifold
approximation and projection) embeddings, they could show that
these relationships were conserved across different mice (Figure 3A).
This representation could change with experience, demonstrating the
flexibility of the olfactory cortex in updating odor representations.
Similarly, Deitch et al. probed neuronal population activity in
visual areas of the mouse brain (Deitch et al., 2021) to show how
representations change over time. They utilized two publicly available
datasets of in vivo recordings (de Vries et al., 2020; Siegle et al., 2021)
obtained from different recording techniques, namely Neuropixels
probes (Jun et al, 2017), which are used for extracellular
electrophysiological recordings, and calcium imaging of tens of
thousands of neurons in six different brain areas of the mouse visual
system. During the recordings, the mice were presented with an

10.3389/fncel.2024.1366200

identical set of stimuli (short sequences of naturalistic movies). This
dual approach has the advantage of compensating for potential biases
introduced by the specific recording technique or by synthetic stimuli
such as moving gratings, which are classically used in studies of the
visual system. The authors showed that the stimulus representations
in the visual cortex undergoes “representational drift,” meaning that
the patterns of activity change over time in response to the visual
stimulation (Chambers and Rumpel, 2017; Rule et al., 2019). These
changes in representation can be influenced by experience and
modulated by behavioral and attentional processes (Figure 3B).

The study of learning-induced changes of neural representations
and their relation to the ongoing dynamics of sensory representations
provide insight into the mechanisms underlying learning and
adaptation, or attention and task engagement (Xin et al., 2019). In the
auditory modality, Aschauer et al. used in vivo calcium imaging to
study the long-term sensory representations of a large set of sound
stimuli in the auditory cortex (Aschauer et al., 2022). The authors
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Representational maps in rodent neuroscience research. (A) Pashkovski et al. performed in vivo calcium imaging in piriform cortex and recorded the
activity of local populations of neurons in response to a large set of odors, which could be chemically categorized into six different categories. UMAP
embedding of neuronal response patterns shows a representational map reflecting the different odor categories. (B) Deitch et al. used a published
dataset of Neuropixel recordings in the visual cortex during repeated presentation of short movie scenes. Individual neurons show selective firing to
specific frames in the movie. tSNE mapping of population responses illustrate the temporal stimulus sequence as a representational map. (C) Aschauer
et al. recorded neuronal activity in the auditory cortex using in vivo calcium imaging during the presentation of a large set of sounds, including pure
tones and complex sounds. By combining the recordings from many individual mice, the authors established a global measure of representational
similarity, which can be visualized with principal component analysis as a representational map.
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demonstrated that by combining the data from individual mice, it was
possible to create a global representational map of stimulus similarity,
which accounts for the perceptual behavior of individual mice
(Figure 3C). The global similarity between activity patterns evoked by
auditory stimuli predicted the level of stimulus generalization after
fear learning, i.e., the ability of an individual to respond to an
unconditioned stimulus in a similar way as to the conditioned
stimulus. Behavioral generalization is considered not to reflect the
limits of perception, but rather as a valid strategy in learning, given
that the exact same stimulus is rarely encountered twice in real life.
Using the same dataset, another study showed that despite the large
drift in single neuron responsiveness, the tonotopic map - the classical
functional organization of many auditory areas in the brain - is stably
maintained (Chambers et al., 2022).

These exemplary studies highlight how the concept of
representational maps has been successfully translated from human
and non-human primate research to the rodent, a widely used model
of choice in systems neuroscience.

Experimental estimation of a
representational map

The assessment of representational maps from large-scale neural
data offers a general approach to estimate neural representations and
their relationships to each other. In the following section, we will
discuss practical considerations when estimating a representational
map from neural recordings.

Conceptualization

As a first step, the neural representations to be assessed should
be clearly conceptualized and circumscribed with respect to sensory
stimuli used and their ethological significance, the brain area and
context of recorded activity. Different representations probed in an
experiment do not, though, need to be unimodal. For example, one
can present visual and auditory stimuli while recording neural activity
in an auditory brain region to estimate a multisensory representational
map. However, combining estimates of irrelevant or conflicting
representations could make it difficult to interpret the resulting
representational map.

Size of the neural measurement

The neural measurement used to assess a representational map
should have an adequate size. First, a sufficient number of
representational elements (e.g., different sensory stimuli) should
be probed experimentally. A wide range of stimuli presented in an
experiment [e.g., at least several tens as in Kriegeskorte et al. (2008b)
and Freiwald and Tsao (2010)] sets the basis for a reliable and precise
representational map.

Besides the number of assessed representations, the number of
recorded neural units (e.g., neurons, local fields, or fMRI voxels)
should also be sufficiently high, as they determine the maximal
dimensionality of a representational map and consequently the
precision of the relations between mapped elements. Here, by way of
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example, representative studies have estimated representational maps
based on population sizes in the range of hundreds (see, e.g.,
Kriegeskorte et al., 2008b) up to several tens of thousands of neuronal
units (see, e.g., Aschauer et al.,, 2022). Subsampling the dataset offers
a practical approach to assess the robustness of the map estimate.
Ideally enough data can be obtained from a single individual to obtain
a sufficiently representative sampling of neuronal population activity.
Technical limitations, however, often require pooling data from
multiple individuals, leading to an estimate of a representational map
that shows common features. Datasets from two pooled, but
independent datasets should converge on a comparable structure,
when the sample size is representative enough.

Types of data and algorithms to create the
representational map

The basis for assessing a representational map is set by the
underlying measure of neural activity. This measure is influenced by
(e.g.
electrophysiological recordings, or fMRI), and the metric of activity

the method of probing activity calcium imaging,
(e.g., continuous AF/F, traces or binarized activity). The activity
patterns of all recorded units over all presented sensory stimuli then
constitute an estimation of their neural representations. The estimates
of representational maps can be generated either from the activity
patterns of the neurons themselves, measured in units such as action
potentials or calcium events, or from the structure of the correlations
between activity patterns. The latter case may be useful in cases where
signal strength varies across measured units due to experimental
factors rather than real variations in the underlying activity. RSA, for
example, relies on a correlation analysis that normalizes the
information of each neural unit, hence disregarding the overall
magnitude of activity. In this way, fMRI voxels that may vary in their
maximal signal strength can still be used reliably to assess a
representational map. Furthermore, correlation-based approaches
were successfully applied to represent aspects of stimulus
discrimination (Kriegeskorte et al., 2008b; Hiramatsu et al., 2011;
Bathellier et al., 2012; Connolly et al.,, 2012; Groen et al., 2012;
Aschauer et al., 2022).

Recordings of neural activity that provide a larger degree of
homogeneity between neural units (e.g., calcium imaging with single-
cell resolution) can be directly used to estimate a representational map
by reducing its dimensionality without prior construction of a
similarity matrix. For this direct estimation of a representational map
multiple approaches, such as principal component analysis, are
available. Covariance-based estimations of representational maps can
maintain information about response magnitudes and hence include
aspects of stimulus salience (Treue, 2003; Ceballo et al., 2019).

Accordingly, the distance metrics used for estimating a
representational map should also be chosen based on a hypothesis of
the main feature in neural population activity that reflects stimulus
relationships. Commonly used distance metrics are dissimilarity
1-linear or rank-based correlation coefficient (Kriegeskorte et al,
2008a), the Euclidean distance between population activity vectors or
the absolute activity difference (Kriegeskorte et al., 2008a; Walther
et al, 2016). Additionally, if the distributional distance between
representational entities is of interest, the Mahalanobis distance can
be used (Kriegeskorte et al., 2006; Kriegeskorte and Kievit, 2013). Since
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RSA is based on the assumption that there is a categorical structure in
a dataset of neural activity, clustering methods can be helpful to reveal
such categorical divisions. While unsupervised, hierarchical clustering
(Laakso and Cottrell, 2000; Kriegeskorte et al., 2008b; Nili et al., 2014;
Kaneshiro et al., 2015) has been frequently applied, a supervised
approach could improve and emphasize behaviorally relevant
categorization (Khaligh-Razavi and Kriegeskorte, 2014).

Measures of trial-to-trial variability

In many cases, the similarity matrices used in a RSA are
constructed from trial-averaged population activity vectors
(Kriegeskorte et al., 2008a), hence neglecting inter-trial variability in
neuronal activity. However, the correlation in trial-to-trial variability
of single neural units, or noise correlation, carries relevant information
for population codes (Averbeck et al., 2006; Kohn et al.,, 2016; Panzeri
et al., 2022). To capture this information, an alternative way of
constructing representational similarity matrices utilizes crosswise
correlations of single trial estimates of representations (Bathellier
et al., 2012; Aschauer et al., 2022; Filipchuk et al., 2022). Here, the
correlation across combinations of single trials is averaged for each
pair of probed representations, yielding a representational similarity
matrix in which the diagonal (self-correlation) does not equal 1 by
construction. This approach has the advantage of providing an
additional measure of trial-to-trial reliability for each assessment of a
representation, reflected by its mean self-correlations.

Brain states and behavioral context

Neural computations can be affected by global brain states (Zagha
and McCormick, 2014; McGinley et al., 2015; Li et al., 2019; Bradley
etal, 2022) that likely also affect the estimate of representational maps
(Cauda et al., 2012; Filipchuk et al., 2022). In this respect, different
brain states could, for instance, suppress elements on a representational
map or change their position. Therefore, experiments should
be controlled for such state-dependency, either by standardizing the
conditions of an experiment, leading to more comparable brain states,
or by measuring brain state explicitly (e.g., with pupillometry or
measurement of large-scale brain oscillations) to clarify the specific
effects of different brain states on representational maps.

Behavioral context, e.g., involving a subject performing a task
versus measuring responses to the same stimuli in a passive setting
can also have substantial effects on neuronal activities (Otazu et al.,
2009) and therefore also affects the estimates of representational maps
derived from them. This may apply particularly for representational
maps in hierarchically higher brain areas increasingly incorporating
contextual information on sensory stimuli that is largely determined
by the task setting. However, the application of sensory stimuli in a
defined task setting may also give rise to specific expectations in an
individual that can impact on population responses in sensory early
areas (Keller and Mrsic-Flogel, 2018).

Validation of a representational map

To ensure that the relationships of the elements on a
representational map are meaningful in respect to neural
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computation, they need to be validated. This can be accomplished by
comparing the relational structure of a representational map with the
structure of the stimulus set used to probe the mapped
representations. Here, stimuli can be related to each other with
respect to their physical properties (e.g., tone frequency and intensity)
or experimental conditions (e.g., paired presentation in an
experiment), allowing a priori hypotheses about a map estimated
from these representations.

In addition, a quantitative validation can be achieved by
correlating the distances between the probed elements on a
representational map with a readout of behaviors, psychophysics and
other exophenotypes related to the respective represented entities.
Here, multiple studies have demonstrated a link between
representational maps and behaviorally relevant categorization of
represented entities (Battaglia et al., 2004; Bathellier et al., 2012;
Maurer et al.,, 2014; Aschauer et al., 2022). Technical developments in
the future may enable the manipulation of neural activity in order to
shift elements on a representational map and affect associated
behavior. Such manipulation experiments require a detailed
understanding of representational maps and the underlying neural
codes, but are critical for the assertion that a representational map
reflects meaningful information and causally determines behavior.

Collective statistics of the tuning of
individual neurons determine the
structure of a representational map

Understanding the link between the activity of individual
neurons that collectively form a representational map can provide
interesting constraints and insights on the activity patterns emerging
in neuronal circuits. Before the advent of large-scale, single cell
recording techniques, neuroscientists typically described sensory-
evoked neuronal activity in the form of tuning curves, often obtained
from a comparably small number of neurons. In this section,
we tasked ourselves with assembling a large-scale dataset by picking
individual tuning curves that together would form the basis of a well-
structured representational map. Would our choices really matter, or
would any assembly of tuning curves result in some form of
representational map?

As mentioned at the beginning of this review, if all representational
entities were associated with activity patterns that are equally
dissimilar from each other, no meaningful representational map could
emerge. At the level of individual cells, this hypothetical scenario
could correspond to a situation in which only one specific neuron
would fire for each representational entity on the map. This extreme
example shows that not all combinations of tuning curves can serve
as a basis for a representational map and some redundancy in tuning
of individual neurons appears to be essential. Then, what are the
statistics of tuning curves in the brain that collectively can form the
basis of a meaningful representational map?

We considered a previously published dataset from various
subfields of the mouse auditory cortex consisting of responses to a
diverse set of 34 different sound stimuli (Figure 4A) recorded in
21,506 neurons (Aschauer et al., 2022). When sorting the response
of the neurons according to their maximal response, a diverse range
of tuning curves tile the space defined by the set of sound stimuli.
The tuning of individual neurons is relatively narrow and typically
only a few of the 34 stimuli evoke a significant response in a given
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responsive neuron (Figure 4B, second from right). To understand
the impact of tuning curve diversity on the formation of a
representational map, we created artificial datasets in which (i) all
neurons were assigned the same tuning as one of the experimental
cells (Figure 4B, left), or (ii) all population response vectors were
assigned the same response pattern for all stimuli (Figure 4B,
second from left), respectively. In both artificial conditions, uniform
noise was added to the response patterns. While the former artificial
dataset has extreme redundancy in tuning across cells, the latter
dataset is diverse in tuning, but extremely redundant in population
response vectors across stimuli.

In order to create an artificial dataset in which the redundancy
of tuning curves across neurons and the redundancy across
population response vectors for different stimuli is much less than
for the experimental data, we shuffled the response matrix vertically
and horizontally, randomly distributing the 34 response patterns
over neurons (Figure 4B, right). This artificial dataset represents a
decorrelation of neuronal responses at a much higher level than
experimentally observed and thereby would allow a decoding of
that is
original recordings.

stimuli even more effective compared to the

We constructed representational similarity matrices from the four
datasets in which the Pearson correlation was calculated as a measure
of similarity for all pairwise population responses (Figure 4C). As an
illustration of the structure of the resulting similarity matrix,
we performed a principal component analysis and plotted the
individual stimuli along the first two principal components of the
similarity matrix (Figure 4D). When considering the oft-diagonal
entries of the similarity matrix from the original dataset, distinct
patterns of higher and lower pairwise correlations were found across
subsets of stimuli, that characterize the structure of the representational
map (Figures 4CD, second from right). In contrast, the
representational similarity matrices of the population responses with
extremely high levels of redundancy in tuning (Figure 4C, first and
from left), show very little structure in the pairwise correlations across
activity patterns, either on an overall low level (Figure 4C, first from
left) or high level (Figure 4C, second from left). When comparing the
similarity matrix obtained from the original data with the matrix
constructed from shuffled data representing an extremely diversified
tuning of individual neurons, we also observed a loss of structure in
the pairwise correlations across activity patterns (Figure 4C, second
from right).

Taken together, these simulations of highly redundant or highly
diverse sets of neural responses present two extremes that set the
boundaries in which the brain organizes its activity. The shape and
width of individual tuning curves and the redundancy in neurons with
similar tuning may not reflect the maximal possible decorrelation of
that could
be implemented in brain circuits, but instead are essential properties

response patterns to various sensory stimuli
that mediate the encoding of relationships between representational
entities and thereby determine the structure of representational maps
(Stringer et al., 2019). The encoding of similarity by correlated tuning
curves also explains why representational maps must occupy only a
lower-dimensional subspace within the full space of theoretically
available neuronal activities. Furthermore, we hypothesize that
network mechanisms are likely operating to safeguard an optimal
balance between the decorrelation and correlation of sensory evoked

activity patterns and allow a representational map to emerge.
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Maintenance of representational maps
and their adaptive and maladaptive
plasticity

Representational maps reflect how the brain encodes and
represents different representational entities in a relational context,
and are thought to underlie computational processes carried out with
the represented information. Here, a well-balanced interplay of
stability on the one side and plasticity on the other ensures that a
representational map can be adjusted to changing environmental
conditions, while at the same time maintaining essential relational
properties. Thus, new information can be embedded into preexisting
knowledge without corrupting previously stored information. In the
following section, we elaborate on aspects of the plasticity and stability
of representational maps, and demonstrate how they can be linked to
clinical conditions.

Maintaining and adjusting representational
maps

It has been shown that large scale topographic maps in the brain
- special forms of representational maps, e.g., the tonotopic map of
sound frequency - can be reliably obtained from recordings of cortical
activity over time (Guo et al,, 2012), indicating a general level of
stability. However, during altered environmental conditions or in the
context of learning, neural representations have been shown to change
and reorganize substantially, affecting their neural code and mapping
(Merzenich et al., 1984; Clark et al., 1988; Pons et al., 1991; Kilgard
and Merzenich, 1998). By way of example, sensory deprivation leads
to a remodeling of functional cortical maps, where deprived cortical
areas are taken over by other sensory systems that are used for
compensation (Pons et al, 1991; Finney et al., 2001; Elbert and
Rockstroh, 2004; Weiss et al., 2004). This illustrates that the intrinsic
plasticity of representational maps in the brain reflects the changes in
stimulus statistics by rearranging, expanding or adding represented
elements (Amedi et al., 2003; Hamilton et al., 2004; Thaler et al., 2011;
Behrens et al., 2018; Freund et al., 2021).

The apparent stability of a representational map under stable
sensory and environmental conditions, however, arises from a
dynamic equilibrium of the individual neuronal responses that
collectively encode the map at a global level. It has been shown that
sensory responses in individual neurons can exhibit substantial
intrinsic volatility over the time course of few days, even under basal
conditions without reinforced environmental cues or other learning
tasks (Driscoll et al., 2017; Rule et al., 2020; Schoonover et al., 2021;
Aschauer et al., 2022). This raises the central question: How can a
representational map maintain stable relations between the
representational entities if the functional properties of the neurons
encoding these elements are intrinsically volatile? Several solutions to
this problem have been discussed, including the following two
proposals: First, drift could occur in a coordinated manner for the
various representational entities on a map in such a way that the
elements changing their location on the map would preserve their
distance and relation to each other (Xia et al., 2021). Second, intrinsic
drift could affect only a subpopulation of the neurons that form a
representational map which do not strongly affect relations of mapped
elements. From this perspective, representational drift could affect
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FIGURE 4

The collective statistics of the tuning curves of individual neurons shapes the structure of a representational map. (A) A set of sounds (19 pure tones
ranging between 2 and 45 kHz and 15 complex sounds) presented in the previous study (Figure 3C, Aschauer et al.,, 2022). The relational structure
between these sounds is investigated in neuronal activity space. (B) Sound-evoked tuning curves across different sound stimuli in individual single
neurons, adapted from Aschauer et al. (2022). Second from right: original experimental data. Left: Artificial population of neurons with extreme
redundancy in tuning curves across neurons, simulated by replicating a tuning curve of a single neuron from the experimental data and adding noise.
Second from left: Artificial population of neurons with extreme redundancy across population responses for different stimuli, simulated by replicating
one specific population response vector for a stimulus from the experimental data and adding noise. Right: Artificial population of neurons with highly
diversified tuning curves constructed by randomly shuffling the real dataset across cells and stimuli. The matrix was sorted by maximal stimulus
response for each neuron. The colormap represents normalized evoked neuronal activity in arbitrary units. (C) Representational similarity matrices
constructed from the datasets in A. The Pearson correlation of the two population response vectors to a given pair of sound stimuli was calculated as
metric of similarity. The colormap represents Pearson correlation coefficients of population response vectors evoked by the set of 34 stimuli.

(D) Dimension-reduced display of the representational map. Principal component analysis was applied to the representational similarity matrices in C
and the first two principal component scores of each correlation pattern to each sound stimuli were mapped onto the corresponding eigenvectors.
The color of each dot represents stimulus identity as in A, B and C.
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neurons to a variable degree (Chambers and Rumpel, 2017; Pettit
etal,, 2022), primarily affecting those neural populations that encode
information which is redundant or orthogonal to the space of a
representational map. Here, recent experimental evidence indicates
that the neurons forming a representational map consist of a drifting
subpopulation serving the generation of a local topographically
organized sensory response, in a balanced manner over time and
space (Chambers et al., 2022). Thus, the overall structure of the map
can be preserved, as long as the collective statistics of the tuning
curves in the subpopulation of responsive neurons are maintained.

Together, these considerations underline the role of tuning width
and redundancy in tuning curves in the neural code defining a map.
By regulating these parameters, different neural mechanisms can
regulate the plasticity and stability of a representational map in order
to create a computational readout that is largely flexible, but also
maintains prior knowledge in the form of relational distances between
representational entities.

Clinical implications

The interplay between stability and plasticity is fundamental for
the functionality of representational maps as valid and operational
models of an organism’s knowledge. In contrast to physiological
conditions, where a representational map faithfully encodes
relationships between different representational entities, thereby
enabling valid inferences (Figure 5A), aberrant maintenance or
plasticity of representational maps can lead to distorted perceptual
experience. This constitutes a novel perspective on different
psychopathologies and their symptoms. For example, the problem of
maintaining functional representational maps in the face of a
progressive drop-out of neural units is particularly relevant in
neurodegenerative disorders. In these disorders, the loss of neurons
encoding representational entities could dramatically affect and
distort the structure of a representational map. However, patients with
neurodegenerative disorders and pronounced loss of neurons typically
show a significant period without any or at least with very mild
cognitive impairments (Villemagne et al., 2013; Aisen et al,, 2022),
hinting that compensatory mechanisms safeguard the structure of a
representational map (Ebrahimi et al., 2022). After this latent period,
early clinical symptoms typically affect the cognitive ability of
discriminating and recognizing different objects (termed agnosia),
setting them in a meaningful context and extracting knowledge from
them (Kocagoncu et al., 2021; Tran et al., 2021). Thus, the onset of
clinical symptoms could be interpreted as the moment in which a
representational map’s structure starts to deteriorate: While initial
degeneration of neurons hardly affects a representational map’s
structure, the broad loss of neurons reduces the dimensionality and
hence the overall discriminability of representational entities, leading
to agnosia (Figure 5B).

Furthermore, representational maps are thought to reflect the
structure of perception and consecutive decision-making (Schuck et al,,
2016; Freund et al, 2021). This implies that distortions of a
representational map comprising perceptual entities can cause perceptual
impairments such as delusions and hallucinations (Figure 5C).
Compelling clinical examples for these perceptual deficits are found in
psychotic disorders such as schizophrenia, which is typically associated
with impaired cognitive abilities and sensory integration (Carter et al,,
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Altered representational maps and their clinical implications.

(A) Schematic higher-order representational map under healthy
conditions, taken from the example in Figure 1. Each number reflects
a given representational entity. In this example, the map allows a
discrimination of entities according to a cluster of real objects vs.
reflected objects. (B) Analogous schematic of a representational map
under the condition of a drop-out of neural units, e.g., in
neurodegeneration. Here, due to the loss of neural dimensions, the
maximal distance between represented entities is reduced, impeding
their discrimination and potentially leading to agnosia. (C) Analogous
schematic of a representational map under the condition of aberrant
neural activity patterns during psychosis, leading to distorted
relations between represented entities. The distortions can lead to
misattribution of some entities to a wrong category, potentially
leading to symptoms like delusions.

2017). Strikingly, schizophrenic patients have been found to show altered
and dysfunctional cognitive map architectures (Nour et al., 2021). These
observations only recently gave rise to the hypothesis that distortions of
representational maps arise from deficits in maintaining stable brain
states that are necessary to form functional representational maps (Braun
etal, 2021; Musa et al., 2022).

Distorted representational maps could also offer an explanation for
maladaptive learning and dysfunctional associations, for instance in the
context of addiction or anxiety disorders. Here, dysfunctional associations
are thought to play a central role in maintaining and consolidating
psychopathology (Luscher and Malenka, 2011; McKim and Boettiger,
2015; Ball and Gunaydin, 2022), e.g., when a drug becomes associated
with common environmental cues, leading to increased relapse
probability, or when vastly innocuous actions, such as walking over a busy
street, become linked with extensive fear leading to avoidance and social
isolation. In these scenarios, representational maps could offer an
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impartial estimation of individual burden, but also of treatment success
during a therapy, indicated by loosening the dysfunctional pairing on the
map (Beckers et al., 2023). Moreover, individual representational maps
could be used as a complementary diagnostic tool, reflecting individually
learned associations and concepts, which might predispose subjects to
develop particular disorders.

Hence, one promising focus of future research lies in standardizing
the conditions for assessing representational maps, in order to
quantitatively compare healthy and mentally ill individuals. As the
concept of representational maps implies that psychopathological
conditions could be reversed if one could identify and correct the aberrant
tuning patterns of neural units, different therapeutic interventions could
be tested in order to restore physiological conditions of a representational
map. Here, treatment approaches that show a broad effect on different
cognitive levels seem promising: For instance, psychedelic substances
have recently been shown to induce destabilized states in cognitive models
(Ballentine et al., 2022), increase neuroplasticity (de Vos et al., 2021) and
enhance cognitive flexibility (Doss et al., 2021; Mason et al., 2021). These
substances are therefore interesting candidates to manipulate neural
representations. In general, such treatments should aim to selectively
destabilize a representational map and hence make it susceptible to
learning-related remodeling [e.g., in the context of psychotherapy (IMusa
etal, 2022)] in order to restore physiological conditions.

Conclusion and outlook

In this review, we conceptualized representational maps, in which not
only the identities of representational entities are encoded as
distinguishable neuronal activity patterns, but also their relationships are
encoded as similarity in a higher-dimensional space of neural activity.
We highlighted several studies and their methodologies to experimentally
assess the structure of representational maps and discussed how they can
emerge from individual neurons with diverse tuning properties.
Furthermore, we showed how symptoms of brain diseases can
be interpreted in the framework of representational maps. We believe that
in the future this framework will enable versatile descriptions of the
organization of neural representations in basic and clinical research,
possibly guiding the development of methodologies allowing specific
manipulations of these maps in an experimental and therapeutical
context. Although we have focused our review on the structure of
representations in biological networks, the concept of representational
maps appears to be a more general principle that could be also
instrumental in gaining insight in the structure of artificial neuronal
networks (Kriegeskorte, 2015; Dwivedi et al., 2021; Saxe et al.,, 2021).

References

Aisen, P. S., Jimenez-Maggiora, G. A., Rafii, M. S., Walter, S., and Raman, R. (2022).
Early-stage Alzheimer disease: getting trial-ready. Nat. Rev. Neurol. 18, 389-399. doi:
10.1038/s41582-022-00645-6

Allman, J. M., and Kaas, J. H. (1971). A representation of the visual field in the caudal
third of the middle temporal gyrus of the owl monkey. Brain Res. 31, 85-105. doi:
10.1016/0006-8993(71)90635-4

Amedi, A, Raz, N, Pianka, P.,, Malach, R., and Zohary, E. (2003). Early ‘visual’ cortex
activation correlates with superior verbal memory performance in the blind. Nat.
Neurosci. 6, 758-766. doi: 10.1038/nn1072

Ariani, G., Pruszynski, J. A., and Diedrichsen, J. (2022). Motor planning brings human
primary somatosensory cortex into action-specific preparatory states. eLife 11:e69517.
doi: 10.7554/eLife.69517

Frontiers in Cellular Neuroscience

12

10.3389/fncel.2024.1366200

Author contributions

TN: Writing - original draft, Writing - review & editing. DA:
Writing - original draft, Writing - review & editing. AC: Writing -
original draft, Writing - review & editing. JS: Writing - original draft,
Writing - review & editing. SR: Conceptualization, Writing - original
draft, Writing - review & editing.

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. This work was
supported by research grants Deutsche Forschungsgemeinschaft
CRC1080-C05, Deutsche Forschungsgemeinschaft SPP 2041 Project
#347573108, Deutsche Forschungsgemeinschaft/Agence nationale de
la recherche Project #431393205, Deutsche Forschungsgemeinschaft
DIP “Neurobiology of Forgetting” and Research Council of Norway,
Young Research Talents grant 274328. This research was supported
in part by the National Science Foundation Grant No. NSF
PHY-1748958 and the Gordon and Betty Moore Foundation Grant
No. 2919.02.

Acknowledgments

The authors thank the members of the Rumpel and Kaschube labs
for helpful discussions and thank Tom Kay for language editing of
the manuscript.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Aschauer, D. E, Eppler, J.-B., Ewig, L., Chambers, A. R., Pokorny, C., Kaschube, M.,
et al. (2022). Learning-induced biases in the ongoing dynamics of sensory
representations predict stimulus generalization. Cell Rep. 38:110340. doi: 10.1016/j.
celrep.2022.110340

Averbeck, B. B., Latham, P. E., and Pouget, A. (2006). Neural correlations,
population coding and computation. Nat. Rev. Neurosci. 7, 358-366. doi: 10.1038/
nrnl888

Babadi, B., and Sompolinsky, H. (2014). Sparseness and expansion in sensory
representations. Neuron 83, 1213-1226. doi: 10.1016/j.neuron.2014.07.035

Ball, T. M., and Gunaydin, L. A. (2022). Measuring maladaptive avoidance: from
animal models to clinical anxiety. Neuropsychopharmacology 47, 978-986. doi: 10.1038/
541386-021-01263-4

frontiersin.org


https://doi.org/10.3389/fncel.2024.1366200
https://www.frontiersin.org/journals/cellular-neuroscience
https://www.frontiersin.org
https://doi.org/10.1038/s41582-022-00645-6
https://doi.org/10.1016/0006-8993(71)90635-4
https://doi.org/10.1038/nn1072
https://doi.org/10.7554/eLife.69517
https://doi.org/10.1016/j.celrep.2022.110340
https://doi.org/10.1016/j.celrep.2022.110340
https://doi.org/10.1038/nrn1888
https://doi.org/10.1038/nrn1888
https://doi.org/10.1016/j.neuron.2014.07.035
https://doi.org/10.1038/s41386-021-01263-4
https://doi.org/10.1038/s41386-021-01263-4

Noda et al.

Ballentine, G., Friedman, S. E, and Bzdok, D. (2022). Trips and neurotransmitters:
discovering principled patterns across 6850 hallucinogenic experiences. Sci. Adv.
8:¢abl6989. doi: 10.1126/sciadv.abl6989

Barron, H. C,, Reeve, H. M., Koolschijn, R. S., Perestenko, P. V., Shpektor, A., Nili, H.,
et al. (2020). Neuronal computation underlying inferential reasoning in humans and
mice. Cell 183:€221, 228-243.e21. doi: 10.1016/j.cell.2020.08.035

Bathellier, B., Ushakova, L., and Rumpel, S. (2012). Discrete neocortical dynamics
predict behavioral categorization of sounds. Neuron 76, 435-449. doi: 10.1016/].
neuron.2012.07.008

Battaglia, F. P, Sutherland, G. R., and McNaughton, B. L. (2004). Local sensory cues
and place cell directionality: additional evidence of prospective coding in the
hippocampus. J. Neurosci. Off. J. Soc. Neurosci. 24, 4541-4550. doi: 10.1523/
JNEUROSCI.4896-03.2004

Beckers, T., Hermans, D., Lange, ., Luyten, L., Scheveneels, S., and Vervliet, B. (2023).
Understanding clinical fear and anxiety through the lens of human fear conditioning.
Nat Rev Psychol 2, 233-245. doi: 10.1038/544159-023-00156-1

Behrens, T. E. J., Muller, T. H., Whittington, J. C. R., Mark, S., Baram, A. B,
Stachenfeld, K. L., et al. (2018). What is a cognitive map? Organizing knowledge for
flexible behavior. Neuron 100, 490-509. doi: 10.1016/j.neuron.2018.10.002

Bendor, D., and Wang, X. (2005). The neuronal representation of pitch in primate
auditory cortex. Nature 436, 1161-1165. doi: 10.1038/nature03867

Berezutskaya, J., Freudenburg, Z. V., Guclu, U,, van Gerven, M. A. ], and Ramsey, N. F.
(2020). Brain-optimized extraction of complex sound features that drive continuous
auditory perception. PLoS Comput. Biol. 16:¢1007992. doi: 10.1371/journal.pcbi.1007992

Bizley, J. K., Nodal, E R., Bajo, V. M., Nelken, I., and King, A. J. (2007). Physiological
and anatomical evidence for multisensory interactions in auditory cortex. Cereb. Cortex
17, 2172-2189. doi: 10.1093/cercor/bhl128

Bizley, J. K., and Walker, K. M. M. (2009). Distributed sensitivity to conspecific
vocalizations and implications for the auditory dual stream hypothesis. J. Neurosci. 29,
3011-3013. doi: 10.1523/JNEUROSCIL.6035-08.2009

Bodin, C., Trapeau, R., Nazarian, B., Sein, J., Degiovanni, X., Baurberg, J., et al. (2021).
Functionally homologous representation of vocalizations in the auditory cortex of
humans and macaques. Curr. Biol. 31:e4834. doi: 10.1016/j.cub.2021.08.043

Bradley, C., Nydam, A. S., Dux, P. E., and Mattingley, J. B. (2022). State-dependent
effects of neural stimulation on brain function and cognition. Nat. Rev. Neurosci. 23,
459-475. doi: 10.1038/541583-022-00598-1

Braun, U,, Harneit, A., Pergola, G., Menara, T., Schifer, A., Betzel, R. F, et al. (2021).
Brain network dynamics during working memory are modulated by dopamine and
diminished in schizophrenia. Nat. Commun. 12:3478. doi: 10.1038/
541467-021-23694-9

Brette, R. (2018). Is coding a relevant metaphor for the brain? Behav. Brain Sci.
42:€215. doi: 10.1017/S0140525X19000049

Buckner, R. L., and Carroll, D. C. (2007). Self-projection and the brain. Trends Cogn.
Sci. 11, 49-57. doi: 10.1016/j.tics.2006.11.004

Carlson, T. A., Simmons, R. A., Kriegeskorte, N., and Slevc, L. R. (2014). The
emergence of semantic meaning in the ventral temporal pathway. J. Cogn. Neurosci. 26,
120-131. doi: 10.1162/jocn_a_00458

Carota, F, Kriegeskorte, N., Nili, H., and Pulvermuller, F. (2017). Representational
similarity mapping of distributional semantics in left inferior frontal, middle temporal,
and motor cortex. Cereb. Cortex 27, 294-309. doi: 10.1093/cercor/bhw379

Carter, O., Bennett, D., Nash, T., Arnold, S., Brown, L., Cai, R. Y, et al. (2017). Sensory
integration deficits support a dimensional view of psychosis and are not limited to
schizophrenia. Transl. Psychiatry 7, —e1118. doi: 10.1038/tp.2017.69

Cauda, F, Torta, D. M, Sacco, K., Geda, E., D'Agata, E, Costa, T,, et al. (2012). Shared
"core" areas between the pain and other task-related networks. PLoS One 7:€41929. doi:
10.1371/journal.pone.0041929

Ceballo, S., Bourg, J., Kempf, A., Piwkowska, Z., Daret, A., Pinson, P, et al. (2019).
Cortical recruitment determines learning dynamics and strategy. Nat. Commun.
10:1479. doi: 10.1038/s41467-019-09450-0

Chambers, A. R., Aschauer, D. E, Eppler, J. B., Kaschube, M., and Rumpel, S.
(2022). A stable sensory map emerges from a dynamic equilibrium of neurons with
unstable tuning properties. Cereb. Cortex 33, 5597-5612. doi: 10.1093/cercor/
bhac445

Chambers, A. R., and Rumpel, S. (2017). A stable brain from unstable components:
emerging concepts and implications for neural computation. Neuroscience 357, 172-184.
doi: 10.1016/j.neuroscience.2017.06.005

Churchland, M. M., Cunningham, J. P., Kaufman, M. T., Foster, J. D., Nuyujukian, P.,
Ryu, S. L, et al. (2012). Neural population dynamics during reaching. Nature 487, 51-56.
doi: 10.1038/nature11129

Cichy, R. M., Pantazis, D., and Oliva, A. (2014). Resolving human object recognition
in space and time. Nat. Neurosci. 17, 455-462. doi: 10.1038/nn.3635

Cichy, R. M, Pantazis, D., and Oliva, A. (2016). Similarity-based fusion of MEG and

fMRI reveals Spatio-temporal dynamics in human cortex during visual object
recognition. Cereb. Cortex 26, 3563-3579. doi: 10.1093/cercor/bhw135

Frontiers in Cellular Neuroscience

10.3389/fncel.2024.1366200

Clark, S. A., Allard, T, Jenkins, W. M., and Merzenich, M. M. (1988). Receptive fields
in the body-surface map in adult cortex defined by temporally correlated inputs. Nature
332, 444-445. doi: 10.1038/332444a0

Cohen, M. A,, Konkle, T., Rhee, J. Y., Nakayama, K., and Alvarez, G. A. (2014).
Processing multiple visual objects is limited by overlap in neural channels. Proc. Natl.
Acad. Sci. USA 111, 8955-8960. doi: 10.1073/pnas.1317860111

Connolly, A. C., Guntupalli, J. S., Gors, J., Hanke, M., Halchenko, Y. O., Wu, Y. C,, et al.
(2012). The representation of biological classes in the human brain. J. Neurosci. 32,
2608-2618. doi: 10.1523/JNEUROSCI.5547-11.2012

Cunningham, J. P,, and Yu, B. M. (2014). Dimensionality reduction for large-scale
neural recordings. Nat. Neurosci. 17, 1500-1509. doi: 10.1038/nn.3776

de Vos, C. M. H., Mason, N. L., and Kuypers, K. P. C. (2021). Psychedelics and
neuroplasticity: a systematic review unraveling the biological underpinnings of
psychedelics. Front. Psychiatry 12:724606. doi: 10.3389/fpsyt.2021.724606

de Vries, S. E. ], Lecogq, J. A., Buice, M. A, Groblewski, P. A., Ocker, G. K., Oliver, M.,
et al. (2020). A large-scale standardized physiological survey reveals functional
organization of the mouse visual cortex. Nat. Neurosci. 23, 138-151. doi: 10.1038/
$41593-019-0550-9

Deitch, D., Rubin, A., and Ziv, Y. (2021). Representational drift in the mouse visual
cortex. Curr. Biol. 31:¢4326, 4327-4339.¢6. doi: 10.1016/j.cub.2021.07.062

Deniz, E, Tseng, C., Wehbe, L., Dupre la Tour, T., and Gallant, J. L. (2023). Semantic
representations during language comprehension are affected by context. J. Neurosci. Oﬁf
J. Soc. Neurosci. 43, 3144-3158. doi: 10.1523/JNEUROSCI.2459-21.2023

Dimsdale-Zucker, H. R., and Ranganath, C. (2018). “Chapter 27- representational
similarity analyses: a practical guide for functional MRI applications” in Handbook of
behavioral neuroscience. ed. D. Manahan-Vaughan (Amsterdam: Elsevier), 509-525.

Doss, M. K., Povazan, M., Rosenberg, M. D., Sepeda, N. D., Davis, A. K., Finan, P. H,,
etal. (2021). Psilocybin therapy increases cognitive and neural flexibility in patients with
major depressive disorder. Transl. Psychiatry 11:574. doi: 10.1038/541398-021-01706-y

Driger, U. C. (1975). Receptive fields of single cells and topography in mouse visual
cortex. J. Comp. Neurol. 160, 269-289. doi: 10.1002/cne.901600302

Driscoll, L. N., Pettit, N. L., Minderer, M., Chettih, S. N., and Harvey, C. D. (2017).
Dynamic reorganization of neuronal activity patterns in parietal cortex. Cell 170:e916,
986-999.e16. doi: 10.1016/j.cell.2017.07.021

Dwivedi, K., Bonner, M. E, Cichy, R. M., and Roig, G. (2021). Unveiling functions of
the visual cortex using task-specific deep neural networks. PLoS Comput. Biol.
17:€1009267. doi: 10.1371/journal.pcbi.1009267

Ebitz, R. B., and Hayden, B. Y. (2021). The population doctrine in cognitive
neuroscience. Neuron 109, 3055-3068. doi: 10.1016/j.neuron.2021.07.011

Ebrahimi, S., Lecog, J., Rumyantsev, O., Tasci, T., Zhang, Y., Irimia, C., et al. (2022).
Emergent reliability in sensory cortical coding and inter-area communication. Nature
605, 713-721. doi: 10.1038/541586-022-04724-y

Edelman, S. (1998). Representation is representation of similarities. Behav. Brain Sci.
21, 449-467. doi: 10.1017/S0140525X98001253

Edelman, S., Grill-Spector, K., Kushnir, T., and Malach, R. (1998). Toward direct
visualization of the internal shape representation space by fMRI. Psychobiology 26,
309-321. doi: 10.3758/BF03330618

Elbert, T., and Rockstroh, B. (2004). Reorganization of human cerebral cortex: the
range of changes following use and injury. Neuroscientist 10, 129-141. doi:
10.1177/1073858403262111

Felleman, D. J., and Van Essen, D. C. (1991). Distributed hierarchical processing in
the primate cerebral cortex. Cereb. Cortex 1, 1-47. doi: 10.1093/cercor/1.1.1

Filipchuk, A., Schwenkgrub, J., Destexhe, A., and Bathellier, B. (2022). Awake
perception is associated with dedicated neuronal assemblies in the cerebral cortex. Nat.
Neurosci. 25, 1327-1338. doi: 10.1038/s41593-022-01168-5

Finney, E. M., Fine, I, and Dobkins, K. R. (2001). Visual stimuli activate auditory
cortex in the deaf. Nat. Neurosci. 4, 1171-1173. doi: 10.1038/nn763

Fournel, A., Ferdenzi, C., Sezille, C., Rouby, C., and Bensafi, M. (2016).
Multidimensional representation of odors in the human olfactory cortex. Hum. Brain
Mapp. 37,2161-2172. doi: 10.1002/hbm.23164

Freiwald, W. A., and Tsao, D. Y. (2010). Functional compartmentalization and
viewpoint generalization within the macaque face-processing system. Science 330,
845-851. doi: 10.1126/science.1194908

Freund, M. C,, Bugg, J. M., and Braver, T. S. (2021). A representational similarity
analysis of cognitive control during color-word Stroop. J. Neurosci. Off. J. Soc. Neurosci.
41, JN-RM-2956-20-JN-RM-2956-7402. doi: 10.1523/J]NEUROSCI.2956-20.2021

Fusi, S., Miller, E. K., and Rigotti, M. (2016). Why neurons mix: high dimensionality
for higher cognition. Curr. Opin. Neurobiol. 37, 66-74. doi: 10.1016/j.
conb.2016.01.010

Galambos, R., and Davis, H. (1943). The response of single auditory-nerve fibers to
acoustic stimulation. J. Neurophysiol. 6, 39-57. doi: 10.1152/jn.1943.6.1.39

Gallego, J. A., Perich, M. G., Miller, L. E., and Solla, S. A. (2017). Neural manifolds for
the control of movement. Neuron 94, 978-984. doi: 10.1016/j.neuron.2017.05.025

frontiersin.org


https://doi.org/10.3389/fncel.2024.1366200
https://www.frontiersin.org/journals/cellular-neuroscience
https://www.frontiersin.org
https://doi.org/10.1126/sciadv.abl6989
https://doi.org/10.1016/j.cell.2020.08.035
https://doi.org/10.1016/j.neuron.2012.07.008
https://doi.org/10.1016/j.neuron.2012.07.008
https://doi.org/10.1523/JNEUROSCI.4896-03.2004
https://doi.org/10.1523/JNEUROSCI.4896-03.2004
https://doi.org/10.1038/s44159-023-00156-1
https://doi.org/10.1016/j.neuron.2018.10.002
https://doi.org/10.1038/nature03867
https://doi.org/10.1371/journal.pcbi.1007992
https://doi.org/10.1093/cercor/bhl128
https://doi.org/10.1523/JNEUROSCI.6035-08.2009
https://doi.org/10.1016/j.cub.2021.08.043
https://doi.org/10.1038/s41583-022-00598-1
https://doi.org/10.1038/s41467-021-23694-9
https://doi.org/10.1038/s41467-021-23694-9
https://doi.org/10.1017/S0140525X19000049
https://doi.org/10.1016/j.tics.2006.11.004
https://doi.org/10.1162/jocn_a_00458
https://doi.org/10.1093/cercor/bhw379
https://doi.org/10.1038/tp.2017.69
https://doi.org/10.1371/journal.pone.0041929
https://doi.org/10.1038/s41467-019-09450-0
https://doi.org/10.1093/cercor/bhac445
https://doi.org/10.1093/cercor/bhac445
https://doi.org/10.1016/j.neuroscience.2017.06.005
https://doi.org/10.1038/nature11129
https://doi.org/10.1038/nn.3635
https://doi.org/10.1093/cercor/bhw135
https://doi.org/10.1038/332444a0
https://doi.org/10.1073/pnas.1317860111
https://doi.org/10.1523/JNEUROSCI.5547-11.2012
https://doi.org/10.1038/nn.3776
https://doi.org/10.3389/fpsyt.2021.724606
https://doi.org/10.1038/s41593-019-0550-9
https://doi.org/10.1038/s41593-019-0550-9
https://doi.org/10.1016/j.cub.2021.07.062
https://doi.org/10.1523/JNEUROSCI.2459-21.2023
https://doi.org/10.1038/s41398-021-01706-y
https://doi.org/10.1002/cne.901600302
https://doi.org/10.1016/j.cell.2017.07.021
https://doi.org/10.1371/journal.pcbi.1009267
https://doi.org/10.1016/j.neuron.2021.07.011
https://doi.org/10.1038/s41586-022-04724-y
https://doi.org/10.1017/S0140525X98001253
https://doi.org/10.3758/BF03330618
https://doi.org/10.1177/1073858403262111
https://doi.org/10.1093/cercor/1.1.1
https://doi.org/10.1038/s41593-022-01168-5
https://doi.org/10.1038/nn763
https://doi.org/10.1002/hbm.23164
https://doi.org/10.1126/science.1194908
https://doi.org/10.1523/JNEUROSCI.2956-20.2021
https://doi.org/10.1016/j.conb.2016.01.010
https://doi.org/10.1016/j.conb.2016.01.010
https://doi.org/10.1152/jn.1943.6.1.39
https://doi.org/10.1016/j.neuron.2017.05.025

Noda et al.

Ganguli, S., and Sompolinsky, H. (2012). Compressed sensing, sparsity, and
dimensionality in neuronal information processing and data analysis. Annu. Rev.
Neurosci. 35, 485-508. doi: 10.1146/annurev-neuro-062111-150410

Gava, G. P,, McHugh, S. B., Lefevre, L., Lopes-Dos-Santos, V., Trouche, S., El-Gaby, M.,
et al. (2021). Integrating new memories into the hippocampal network activity space.
Nat. Neurosci. 24, 326-330. doi: 10.1038/s41593-021-00804-w

Georgopoulos, A. P, Schwartz, A. B., and Kettner, R. E. (1986). Neuronal population
coding of movement direction. Science 233, 1416-1419. doi: 10.1126/science.3749885

Grienberger, C., Giovannucci, A., Zeiger, W., and Portera-Cailliau, C. (2022). Two-
photon calcium imaging of neuronal activity. Nat. Rev. Methods Primers 2:67. doi:
10.1038/s43586-022-00147-1

Groen, L. L., Ghebreab, S., Lamme, V. A., and Scholte, H. S. (2012). Low-level contrast
statistics are diagnostic of invariance of natural textures. Front. Comput. Neurosci. 6:34.
doi: 10.3389/fncom.2012.00034

Groen, 1. I., Greene, M. R., Baldassano, C., Fei-Fei, L., Beck, D. M., and Baker, C. I.
(2018). Distinct contributions of functional and deep neural network features to
representational similarity of scenes in human brain and behavior. eLife 7:¢32962. doi:
10.7554/eLife.32962

Guillery, R. W,, and Sherman, S. M. (2002). Thalamic relay functions and their role in
corticocortical communication generalizations from the visual system. Neuron 33,
163-175. doi: 10.1016/S0896-6273(01)00582-7

Guntupalli, J. S., Hanke, M., Halchenko, Y. O., Connolly, A. C., Ramadge, P. J., and
Haxby, J. V. (2016). A model of representational spaces in human cortex. Cereb. Cortex
26, 2919-2934. doi: 10.1093/cercor/bhw068

Guo, W,, Chambers, A. R., Darrow, K. N., Hancock, K. E., Shinn-Cunningham, B. G.,
and Polley, D. B. (2012). Robustness of cortical topography across fields, laminae,
anesthetic states, and neurophysiological signal types. J. Neurosci. 32, 9159-9172. doi:
10.1523/JNEUROSCI.0065-12.2012

Hamilton, R. H., Pascual-Leone, A., and Schlaug, G. (2004). Absolute pitch in blind
musicians. Neuroreport 15, 803-806. doi: 10.1097/00001756-200404090-00012

Haxby, J. V., Guntupalli, J. S., Connolly, A. C., Halchenko, Y. O., Conroy, B. R,
Gobbini, M. I, etal. (2011). A common, high-dimensional model of the representational
space in human ventral temporal cortex. Neuron 72, 404-416. doi: 10.1016/j.
neuron.2011.08.026

Hiramatsu, C., Goda, N., and Komatsu, H. (2011). Transformation from image-based
to perceptual representation of materials along the human ventral visual pathway.
Neurolmage 57, 482-494. doi: 10.1016/j.neuroimage.2011.04.056

Hubel, D. H., and Wiesel, T. N. (1962). Receptive fields, binocular interaction and
functional architecture in the cat's visual cortex. J. Physiol. 160, 106-154. doi: 10.1113/
jphysiol.1962.sp006837

Huth, A. G., de Heer, W. A., Griffiths, T. L., Theunissen, E. E., and Gallant, J. L. (2016).
Natural speech reveals the semantic maps that tile human cerebral cortex. Nature 532,
453-458. doi: 10.1038/naturel7637

Huth, A. G., Nishimoto, S., Vu, A. T,, and Gallant, J. L. (2012). A continuous semantic
space describes the representation of thousands of object and action categories across
the human brain. Neuron 76, 1210-1224. doi: 10.1016/j.neuron.2012.10.014

Iravani, B., Schaefer, M., Wilson, D. A., Arshamian, A., and Lundstrom, J. N. (2021).
The human olfactory bulb processes odor valence representation and cues motor
avoidance behavior. Proc. Natl. Acad. Sci. USA 118:€2101209118. doi: 10.1073/
pnas.2101209118

Jacobs, L. E, and Schenk, F. (2003). Unpacking the cognitive map: the parallel map
theory of hippocampal function. Psychol. Rev. 110, 285-315. doi:
10.1037/0033-295X.110.2.285

Jazayeri, M., and Ostojic, S. (2021). Interpreting neural computations by examining
intrinsic and embedding dimensionality of neural activity. Curr. Opin. Neurobiol. 70,
113-120. doi: 10.1016/j.conb.2021.08.002

Jun, J. J., Steinmetz, N. A, Siegle, J. H., Denman, D. J., Bauza, M., Barbarits, B., et al.
(2017). Fully integrated silicon probes for high-density recording of neural activity.
Nature 551, 232-236. doi: 10.1038/nature24636

Kaas, J. H. (1997). Topographic maps are fundamental to sensory processing. Brain
Res. Bull. 44, 107-112. doi: 10.1016/50361-9230(97)00094-4

Kaneshiro, B., Perreau Guimaraes, M., Kim, H. S., Norcia, A. M., and Suppes, P.
(2015). A representational similarity analysis of the dynamics of object processing using
single-trial EEG classification. PLoS Omne 10:€0135697. doi: 10.1371/journal.
pone.0135697

Kao, C.-H., Chen, Y.-S., Chen, L.-E, and Chiu, W.-C. (2021) Demystifying T1-MRI to
FDG-PET image translation via representational similarity. Springer International
Publishing, Berlin.

Kaschube, M. (2014). Neural maps versus salt-and-pepper organization in visual
cortex. Curr. Opin. Neurobiol. 24, 95-102. doi: 10.1016/j.conb.2013.08.017

Kato, M., Okumura, T., Tsubo, Y., Honda, J., Sugiyama, M., Touhara, K., et al. (2022).
Spatiotemporal dynamics of odor representations in the human brain revealed by EEG
decoding. Proc. Natl. Acad. Sci. USA 119:€2114966119. doi: 10.1073/pnas.2114966119

Keller, G. B., and Mrsic-Flogel, T. D. (2018). Predictive processing: a canonical cortical
computation. Neuron 100, 424-435. doi: 10.1016/j.neuron.2018.10.003

Frontiers in Cellular Neuroscience

14

10.3389/fncel.2024.1366200

Khaligh-Razavi, S. M., and Kriegeskorte, N. (2014). Deep supervised, but not
unsupervised, models may explain IT cortical representation. PLoS Comput. Biol.
10:¢1003915. doi: 10.1371/journal.pcbi.1003915

Kiani, R., Esteky, H., Mirpour, K., and Tanaka, K. (2007). Object category structure in
response patterns of neuronal population in monkey inferior temporal cortex. J.
Neurophysiol. 97, 4296-4309. doi: 10.1152/jn.00024.2007

Kilgard, M. P,, and Merzenich, M. M. (1998). Cortical map reorganization enabled
by nucleus basalis activity. Science 279, 1714-1718. doi: 10.1126/science.279.5357.
1714

Kira, S., Safaai, H., Morcos, A. S., Panzeri, S., and Harvey, C. D. (2023). A distributed
and efficient population code of mixed selectivity neurons for flexible navigation
decisions. Nat. Commun. 14:2121. doi: 10.1038/s41467-023-37804-2

Kocagoncu, E., Klimovich-Gray, A., Hughes, L. E., and Rowe, J. B. (2021). Evidence
and implications of abnormal predictive coding in dementia. Brain 144, 3311-3321. doi:
10.1093/brain/awab254

Kohn, A., Coen-Cagli, R., Kanitscheider, I., and Pouget, A. (2016). Correlations and
neuronal population information. Annu. Rev. Neurosci. 39, 237-256. doi: 10.1146/
annurev-neuro-070815-013851

Kriegeskorte, N. (2015). Deep neural networks: a new framework for modeling
biological vision and brain information processing. Annu. Rev. Vis. Sci. 1, 417-446. doi:
10.1146/annurev-vision-082114-035447

Kriegeskorte, N., Goebel, R., and Bandettini, P. (2006). Information-based
functional brain mapping. Proc. Natl. Acad. Sci. 103, 3863-3868. doi: 10.1073/
pnas.0600244103

Kriegeskorte, N., and Kievit, R. A. (2013). Representational geometry: integrating
cognition, computation, and the brain. Trends Cogn. Sci. 17, 401-412. doi: 10.1016/j.
tics.2013.06.007

Kriegeskorte, N., Mur, M., and Bandettini, P. (2008a). Representational similarity
analysis — connecting the branches of systems neuroscience. Front. Syst. Neurosci. 2:4.
doi: 10.3389/neuro.06.004.2008

Kriegeskorte, N., Mur, M., Ruff, D. A, Kiani, R., Bodurka, J., Esteky, H., et al. (2008b).
Matching categorical object representations in inferior temporal cortex of man and
monkey. Neuron 60, 1126-1141. doi: 10.1016/j.neuron.2008.10.043

Kriegeskorte, N., and Wei, X. X. (2021). Neural tuning and representational geometry.
Nat. Rev. Neurosci. 22, 703-718. doi: 10.1038/s41583-021-00502-3

Kryklywy, J. H., Ehlers, M. R., Beukers, A. O., Moore, S. R., Todd, R. M., and
Anderson, A. K. (2023). Decomposing neural representational patterns of discriminatory
and hedonic information during somatosensory stimulation. eNeuro 10, ENEURO.0274-
ENEU22.2022. doi: 10.1523/ENEURO.0274-22.2022

Laakso, A., and Cottrell, G. (2000). Content and cluster analysis: assessing
representational similarity in neural systems. Philos. Psychol. 13, 47-76. doi:
10.1080/09515080050002726

Lee Masson, H., Van De Plas, S., Daniels, N., and Op de Beeck, H. (2018). The
multidimensional representational space of observed socio-affective touch experiences.
Neurolmage 175, 297-314. doi: 10.1016/j.neuroimage.2018.04.007

Li, ], Bolt, T., Bzdok, D., Nomi, J. S., Yeo, B. T. T., Spreng, R. N, et al. (2019).
Topography and behavioral relevance of the global signal in the human brain. Sci. Rep.
9:14286. doi: 10.1038/541598-019-50750-8

Li, V. ], Chorghay, Z., and Ruthazer, E. S. (2023). A guide for the multiplexed: the
development of visual feature maps in the brain. Neuroscience 508, 62-75. doi: 10.1016/j.
neuroscience.2022.07.026

Liu, P, Chrysidou, A., Doehler, J., Hebart, M. N., Wolbers, T., and Kuehn, E. (2021).
The organizational principles of de-differentiated topographic maps in somatosensory
cortex. eLife 10:e60090. doi: 10.7554/eLife.60090

Luczak, A., McNaughton, B. L., and Harris, K. D. (2015). Packet-based communication
in the cortex. Nat. Rev. Neurosci. 16, 745-755. doi: 10.1038/nrn4026

Luo, ], and Collins, T. (2023). The representational similarity between visual
perception and recent perceptual history. J. Neurosci. Off. J. Soc. Neurosci. 43, JN-
RM-2068-22-JN-RM-2068-3665. doi: 10.1523/JNEUROSCI.2068-22.2023

Luscher, C., and Malenka, R. C. (2011). Drug-evoked synaptic plasticity in addiction:
from molecular changes to circuit remodeling. Neuron 69, 650-663. doi: 10.1016/j.
neuron.2011.01.017

Marr, D. (1982) Vision: A computational investigation into the human representation
and processing of visual information. The MIT Press. Cambridge, MA.

Mason, N. L., Kuypers, K. P. C., Reckweg, J. T., Miiller, E, Tse, D. H. Y., Da Rios, B.,
etal. (2021). Spontaneous and deliberate creative cognition during and after psilocybin
exposure. Transl. Psychiatry 11:209. doi: 10.1038/s41398-021-01335-5

Mattioni, S., Rezk, M., Battal, C., Bottini, R., Cuculiza Mendoza, K. E., Oosterhof, N. N,
et al. (2020). Categorical representation from sound and sight in the ventral occipito-
temporal cortex of sighted and blind. eLife 9:¢50732. doi: 10.7554/eLife.50732

Maurer, A. P, Lester, A. W,, Burke, S. N, Ferng, J. J., and Barnes, C. A. (2014).
Back to the future: preserved hippocampal network activity during reverse

ambulation. J. Neurosci. Off. J. Soc. Neurosci. 34, 15022-15031. doi: 10.1523/
JNEUROSCI.1129-14.2014

frontiersin.org


https://doi.org/10.3389/fncel.2024.1366200
https://www.frontiersin.org/journals/cellular-neuroscience
https://www.frontiersin.org
https://doi.org/10.1146/annurev-neuro-062111-150410
https://doi.org/10.1038/s41593-021-00804-w
https://doi.org/10.1126/science.3749885
https://doi.org/10.1038/s43586-022-00147-1
https://doi.org/10.3389/fncom.2012.00034
https://doi.org/10.7554/eLife.32962
https://doi.org/10.1016/S0896-6273(01)00582-7
https://doi.org/10.1093/cercor/bhw068
https://doi.org/10.1523/JNEUROSCI.0065-12.2012
https://doi.org/10.1097/00001756-200404090-00012
https://doi.org/10.1016/j.neuron.2011.08.026
https://doi.org/10.1016/j.neuron.2011.08.026
https://doi.org/10.1016/j.neuroimage.2011.04.056
https://doi.org/10.1113/jphysiol.1962.sp006837
https://doi.org/10.1113/jphysiol.1962.sp006837
https://doi.org/10.1038/nature17637
https://doi.org/10.1016/j.neuron.2012.10.014
https://doi.org/10.1073/pnas.2101209118
https://doi.org/10.1073/pnas.2101209118
https://doi.org/10.1037/0033-295X.110.2.285
https://doi.org/10.1016/j.conb.2021.08.002
https://doi.org/10.1038/nature24636
https://doi.org/10.1016/S0361-9230(97)00094-4
https://doi.org/10.1371/journal.pone.0135697
https://doi.org/10.1371/journal.pone.0135697
https://doi.org/10.1016/j.conb.2013.08.017
https://doi.org/10.1073/pnas.2114966119
https://doi.org/10.1016/j.neuron.2018.10.003
https://doi.org/10.1371/journal.pcbi.1003915
https://doi.org/10.1152/jn.00024.2007
https://doi.org/10.1126/science.279.5357.1714
https://doi.org/10.1126/science.279.5357.1714
https://doi.org/10.1038/s41467-023-37804-2
https://doi.org/10.1093/brain/awab254
https://doi.org/10.1146/annurev-neuro-070815-013851
https://doi.org/10.1146/annurev-neuro-070815-013851
https://doi.org/10.1146/annurev-vision-082114-035447
https://doi.org/10.1073/pnas.0600244103
https://doi.org/10.1073/pnas.0600244103
https://doi.org/10.1016/j.tics.2013.06.007
https://doi.org/10.1016/j.tics.2013.06.007
https://doi.org/10.3389/neuro.06.004.2008
https://doi.org/10.1016/j.neuron.2008.10.043
https://doi.org/10.1038/s41583-021-00502-3
https://doi.org/10.1523/ENEURO.0274-22.2022
https://doi.org/10.1080/09515080050002726
https://doi.org/10.1016/j.neuroimage.2018.04.007
https://doi.org/10.1038/s41598-019-50750-8
https://doi.org/10.1016/j.neuroscience.2022.07.026
https://doi.org/10.1016/j.neuroscience.2022.07.026
https://doi.org/10.7554/eLife.60090
https://doi.org/10.1038/nrn4026
https://doi.org/10.1523/JNEUROSCI.2068-22.2023
https://doi.org/10.1016/j.neuron.2011.01.017
https://doi.org/10.1016/j.neuron.2011.01.017
https://doi.org/10.1038/s41398-021-01335-5
https://doi.org/10.7554/eLife.50732
https://doi.org/10.1523/JNEUROSCI.1129-14.2014
https://doi.org/10.1523/JNEUROSCI.1129-14.2014

Noda et al.

McGinley, M. ., David, S. V., and McCormick, D. A. (2015). Cortical membrane
potential signature of optimal states for sensory signal detection. Neuron 87, 179-192.
doi: 10.1016/j.neuron.2015.05.038

McKim, T. H., and Boettiger, C. A. (2015) Addiction as maladaptive learning, with a
focus on habit learning the Wiley handbook on the cognitive neuroscience of addiction.
Wiley Blackwell, Hoboken, NJ, pp. 3-28.

Merzenich, M. M., Knight, P. L., and Roth, G. L. (1975). Representation of cochlea
within primary auditory cortex in the cat. J. Neurophysiol. 38, 231-249. doi: 10.1152/
jn.1975.38.2.231

Merzenich, M. M., Nelson, R. ], Stryker, M. P,, Cynader, M. S., Schoppmann, A., and
Zook, J. M. (1984). Somatosensory cortical map changes following digit amputation in
adult monkeys. J. Comp. Neurol. 224, 591-605. doi: 10.1002/cne.902240408

Mitchell-Heggs, R., Prado, S., Gava, G. P,, Go, M. A,, and Schultz, S. R. (2023). Neural
manifold analysis of brain circuit dynamics in health and disease. J. Comput. Neurosci.
51, 1-21. doi: 10.1007/s10827-022-00839-3

Musa, A., Khan, S., Mujahid, M., and El-Gaby, M. (2022). The shallow cognitive map
hypothesis: a hippocampal framework for thought disorder in schizophrenia.
Schizophrenia 8:34. doi: 10.1038/s41537-022-00247-7

Nelli, S., Braun, L., Dumbalska, T., Saxe, A., and Summerfield, C. (2023). Neural
knowledge assembly in humans and neural networks. Neuron 111:e1509, 1504-1516.€9.
doi: 10.1016/j.neuron.2023.02.014

Nelson, R. J., Sur, M., Felleman, D. J., and Kaas, J. H. (1980). Representations of the
body surface in postcentral parietal cortex of Macaca fascicularis. J. Comp. Neurol. 192,
611-643. doi: 10.1002/cne.901920402

Nieh, E. H., Schottdorf, M., Freeman, N. W,, Low, R. J., Lewallen, S., Koay, S. A., et al.
(2021). Geometry of abstract learned knowledge in the hippocampus. Nature 595,
80-84. doi: 10.1038/s41586-021-03652-7

Nili, H., Wingfield, C., Walther, A., Su, L., Marslen-Wilson, W., and Kriegeskorte, N.
(2014). A toolbox for representational similarity analysis. PLoS Comput. Biol.
10:¢1003553. doi: 10.1371/journal.pcbi.1003553

Nour, M. M,, Liu, Y., Arumuham, A., Kurth-Nelson, Z., and Dolan, R. J. (2021).
Impaired neural replay of inferred relationships in schizophrenia. Cell 184,
4315-4328.e17. doi: 10.1016/j.cell.2021.06.012

O'Keefe, J., and Nadel, L. (1978) The Hippocampus as a cognitive map. Oxford
University Press, Oxford.

Op de Beeck, H. P, Torfs, K., and Wagemans, J. (2008). Perceived shape similarity
among unfamiliar objects and the organization of the human object vision pathway. J.
Neurosci. Off. J. Soc. Neurosci. 28,10111-10123. doi: 10.1523/J]NEUROSCI.2511-08.2008

Otazu, G. H., Tai, L. H,, Yang, Y., and Zador, A. M. (2009). Engaging in an auditory
task suppresses responses in auditory cortex. Nat. Neurosci. 12, 646-654. doi: 10.1038/
nn.2306

Panzeri, S., Moroni, M., Safaai, H., and Harvey, C. D. (2022). The structures and
functions of correlations in neural population codes. Nat. Rev. Neurosci. 23, 551-567.
doi: 10.1038/s41583-022-00606-4

Park, S. A., Miller, D. S., Nili, H., Ranganath, C., and Boorman, E. D. (2020). Map
making: constructing, combining, and inferring on abstract cognitive maps. Neuron
107:1228, 1226-1238.e8. doi: 10.1016/j.neuron.2020.06.030

Pashkovski, S. L., Iurilli, G., Brann, D., Chicharro, D., Drummey, K., Franks, K. M.,
etal. (2020). Structure and flexibility in cortical representations of odour space. Nature
583, 253-258. doi: 10.1038/s41586-020-2451-1

Perez-Bellido, A., Anne Barnes, K., Crommett, L. E., and Yau, J. M. (2018). Auditory
frequency representations in human somatosensory cortex. Cereb. Cortex 28, 3908-3921.
doi: 10.1093/cercor/bhx255

Pettit, N. L., Yap, E. L., Greenberg, M. E., and Harvey, C. D. (2022). Fos ensembles
encode and shape stable spatial maps in the hippocampus. Nature 609, 327-334. doi:
10.1038/s41586-022-05113-1

Pillow, J. W, Shlens, J., Paninski, L., Sher, A., Litke, A. M., Chichilnisky, E. J., et al.
(2008). Spatio-temporal correlations and visual signalling in a complete neuronal
population. Nature 454, 995-999. doi: 10.1038/nature07140

Pons, T. P, Garraghty, P. E., Ommaya, A. K., Kaas, J. H., Taub, E., and Mishkin, M.
(1991). Massive cortical reorganization after sensory Deafferentation in adult macaques.
Science 252, 1857-1860. doi: 10.1126/science.1843843

Popham, S. E, Huth, A. G, Bilenko, N. Y., Deniz, E, Gao, J. S., Nunez-Elizalde, A. O.,
etal. (2021). Visual and linguistic semantic representations are aligned at the border of
human visual cortex. Nat. Neurosci. 24, 1628-1636. doi: 10.1038/s41593-021-00921-6

Rigotti, M., Barak, O., Warden, M. R., Wang, X. J., Daw, N. D., Miller, E. K., et al.
(2013). The importance of mixed selectivity in complex cognitive tasks. Nature 497,
585-590. doi: 10.1038/nature12160

Rossi-Pool, R., Zainos, A., Alvarez, M., Diaz-deLeon, G., and Romo, R. (2021). A
continuum of invariant sensory and behavioral-context perceptual coding in secondary
somatosensory cortex. Nat. Commun. 12:2000. doi: 10.1038/s41467-021-22321-x

Rubin, A., Sheintuch, L., Brande-Eilat, N., Pinchasof, O., Rechavi, Y., Geva, N., et al.
(2019). Revealing neural correlates of behavior without behavioral measurements. Nat.
Commun. 10:4745. doi: 10.1038/s41467-019-12724-2

Frontiers in Cellular Neuroscience

15

10.3389/fncel.2024.1366200

Rule, M. E., Loback, A. R., Raman, D. V,, Driscoll, L. N., Harvey, C. D., and O'Leary, T.
(2020). Stable task information from an unstable neural population. eLife 9:e51121. doi:
10.7554/eLife.51121

Rule, M. E., O'Leary, T., and Harvey, C. D. (2019). Causes and consequences of
representational drift. Curr. Opin. Neurobiol. 58, 141-147. doi: 10.1016/j.
conb.2019.08.005

Rust, N. C., and DiCarlo, J. J. (2012). Balanced increases in selectivity and tolerance
produce constant sparseness along the ventral visual stream. J. Neurosci. Off. J. Soc.
Neurosci. 32, 10170-10182. doi: 10.1523/J]NEUROSCL.6125-11.2012

Sadtler, P. T., Quick, K. M., Golub, M. D., Chase, S. M., Ryu, S. I, Tyler-Kabara, E. C.,
et al. (2014). Neural constraints on learning. Nature 512, 423-426. doi: 10.1038/
naturel3665

Santhanam, G., Yu, B. M, Gilja, V., Ryu, S. I, Afshar, A., Sahani, M., et al. (2009).
Factor-analysis methods for higher-performance neural prostheses. J. Neurophysiol. 102,
1315-1330. doi: 10.1152/jn.00097.2009

Saxe, A., Nelli, S., and Summerfield, C. (2021). If deep learning is the answer, what is
the question? Nat. Rev. Neurosci. 22, 55-67. doi: 10.1038/s41583-020-00395-8

Saxena, S., and Cunningham, J. P. (2019). Towards the neural population doctrine.
Curr. Opin. Neurobiol. 55, 103-111. doi: 10.1016/j.conb.2019.02.002

Schoonover, C. E., Ohashi, S. N., Axel, R., and Fink, A. J. P. (2021). Representational
drift in primary olfactory cortex. Nature 594, 541-546. doi: 10.1038/s41586-021-03628-7

Schuck, N. W,, Cai, M. B., Wilson, R. C., and Niv, Y. (2016). Human orbitofrontal
cortex represents a cognitive map of state space. Neuron 91, 1402-1412. doi: 10.1016/j.
neuron.2016.08.019

Semedo, J. D., Zandvakili, A., Machens, C. K., Yu, B. M., and Kohn, A. (2019). Cortical
areas interact through a communication subspace. Neuron 102:e244, 249-259.e4. doi:
10.1016/j.neuron.2019.01.026

Shepard, R. N. (1980). Multidimensional scaling, tree-fitting, and clustering. Science
210, 390-398. doi: 10.1126/science.210.4468.390

Shepard, R. N., and Chipman, S. (1970). Second-order isomorphism of internal
representations: ~ shapes  of states. Cogn.  Psychol. 1, 1-17. doi:
10.1016/0010-0285(70)90002-2

Sieben, K., Roder, B., and Hanganu-Opatz, I. L. (2013). Oscillatory entrainment of
primary somatosensory cortex encodes visual control of tactile processing. J. Neurosci.
Off. J. Soc. Neurosci. 33, 5736-5749. doi: 10.1523/J]NEUROSCI.4432-12.2013

Siegle, J. H., Jia, X., Durand, S., Gale, S., Bennett, C., Graddis, N., et al. (2021). Survey
of spiking in the mouse visual system reveals functional hierarchy. Nature 592, 86-92.
doi: 10.1038/s41586-020-03171-x

Singer, W. (2021). Recurrent dynamics in the cerebral cortex: integration of sensory
evidence with stored knowledge. Proc. Natl. Acad. Sci. USA 118:e2101043118. doi:
10.1073/pnas.2101043118

Steinmetz, N. A., Aydin, C., Lebedeva, A., Okun, M., Pachitariu, M., Bauza, M., et al.
(2021). Neuropixels 2.0: a miniaturized high-density probe for stable, long-term brain
recordings. Science 372:eabf4588. doi: 10.1126/science.abf4588

Stringer, C., Pachitariu, M., Steinmetz, N., Carandini, M., and Harris, K. D. (2019).
High-dimensional geometry of population responses in visual cortex. Nature 571,
361-365. doi: 10.1038/541586-019-1346-5

Su, L., Fonteneau, E., Marslen-Wilson, W.,, and Kriegeskorte, N. (2012) Spatiotemporal
searchlight representational similarity analysis in EMEG source space 2012 second
international workshop on pattern recognition in neuro imaging.

Thaler, L., Arnott, S. R., and Goodale, M. A. (2011). Neural correlates of natural
human echolocation in early and late blind echolocation experts. PLoS One 6:¢20162.
doi: 10.1371/journal.pone.0020162

Tolman, E. C. (1948). Cognitive maps in rats and men. Psychol. Rev. 55, 189-208. doi:
10.1037/h0061626

Tran, K. A.-O., McDonald, A. P, D'Arcy, R. C. N,, and Song, X. A.-O. (2021).
Contextual processing and the impacts of aging and neurodegeneration: A scoping
review. Clin. Interv. Aging 16, 345-361. doi: 10.2147/CIA.S287619

Treue, S. (2003). Visual attention: the where, what, how and why of saliency. Curr.
Opin. Neurobiol. 13, 428-432. doi: 10.1016/S0959-4388(03)00105-3

van den Brink, R. L., Pfeffer, T., and Donner, T. H. (2019). Brainstem modulation of
large-scale intrinsic cortical activity correlations. Front. Hum. Neurosci. 13:340. doi:
10.3389/fnhum.2019.00340

Villemagne, V. L., Burnham, S., Bourgeat, P,, Brown, B,, Ellis, K. A., Salvado, O., et al.
(2013). Amyloid B deposition, neurodegeneration, and cognitive decline in sporadic
Alzheimer's disease: a prospective cohort study. Lancet Neurol. 12, 357-367. doi:
10.1016/S1474-4422(13)70044-9

Vinck, M., Batista-Brito, R., Knoblich, U., and Cardin, J. A. (2015). Arousal and
locomotion make distinct contributions to cortical activity patterns and visual encoding.
Neuron 86, 740-754. doi: 10.1016/j.neuron.2015.03.028

Walther, A., Nili, H., Ejaz, N., Alink, A., Kriegeskorte, N., and Diedrichsen, J. (2016).
Reliability of dissimilarity measures for multi-voxel pattern analysis. Neurolmage 137,
188-200. doi: 10.1016/j.neuroimage.2015.12.012

frontiersin.org


https://doi.org/10.3389/fncel.2024.1366200
https://www.frontiersin.org/journals/cellular-neuroscience
https://www.frontiersin.org
https://doi.org/10.1016/j.neuron.2015.05.038
https://doi.org/10.1152/jn.1975.38.2.231
https://doi.org/10.1152/jn.1975.38.2.231
https://doi.org/10.1002/cne.902240408
https://doi.org/10.1007/s10827-022-00839-3
https://doi.org/10.1038/s41537-022-00247-7
https://doi.org/10.1016/j.neuron.2023.02.014
https://doi.org/10.1002/cne.901920402
https://doi.org/10.1038/s41586-021-03652-7
https://doi.org/10.1371/journal.pcbi.1003553
https://doi.org/10.1016/j.cell.2021.06.012
https://doi.org/10.1523/JNEUROSCI.2511-08.2008
https://doi.org/10.1038/nn.2306
https://doi.org/10.1038/nn.2306
https://doi.org/10.1038/s41583-022-00606-4
https://doi.org/10.1016/j.neuron.2020.06.030
https://doi.org/10.1038/s41586-020-2451-1
https://doi.org/10.1093/cercor/bhx255
https://doi.org/10.1038/s41586-022-05113-1
https://doi.org/10.1038/nature07140
https://doi.org/10.1126/science.1843843
https://doi.org/10.1038/s41593-021-00921-6
https://doi.org/10.1038/nature12160
https://doi.org/10.1038/s41467-021-22321-x
https://doi.org/10.1038/s41467-019-12724-2
https://doi.org/10.7554/eLife.51121
https://doi.org/10.1016/j.conb.2019.08.005
https://doi.org/10.1016/j.conb.2019.08.005
https://doi.org/10.1523/JNEUROSCI.6125-11.2012
https://doi.org/10.1038/nature13665
https://doi.org/10.1038/nature13665
https://doi.org/10.1152/jn.00097.2009
https://doi.org/10.1038/s41583-020-00395-8
https://doi.org/10.1016/j.conb.2019.02.002
https://doi.org/10.1038/s41586-021-03628-7
https://doi.org/10.1016/j.neuron.2016.08.019
https://doi.org/10.1016/j.neuron.2016.08.019
https://doi.org/10.1016/j.neuron.2019.01.026
https://doi.org/10.1126/science.210.4468.390
https://doi.org/10.1016/0010-0285(70)90002-2
https://doi.org/10.1523/JNEUROSCI.4432-12.2013
https://doi.org/10.1038/s41586-020-03171-x
https://doi.org/10.1073/pnas.2101043118
https://doi.org/10.1126/science.abf4588
https://doi.org/10.1038/s41586-019-1346-5
https://doi.org/10.1371/journal.pone.0020162
https://doi.org/10.1037/h0061626
https://doi.org/10.2147/CIA.S287619
https://doi.org/10.1016/S0959-4388(03)00105-3
https://doi.org/10.3389/fnhum.2019.00340
https://doi.org/10.1016/S1474-4422(13)70044-9
https://doi.org/10.1016/j.neuron.2015.03.028
https://doi.org/10.1016/j.neuroimage.2015.12.012

Noda et al.

Wang, L., Wlotko, E., Alexander, E., Schoot, L., Kim, M., Warnke, L., et al. (2020).
Neural evidence for the prediction of Animacy features during language comprehension:
evidence from MEG and EEG representational similarity analysis. J. Neurosci. Off. . Soc.
Neurosci. 40, 3278-3291. doi: 10.1523/JNEUROSCI.1733-19.2020

Wardle, S. G., Kriegeskorte, N., Grootswagers, T., Khaligh-Razavi, S. M., and
Carlson, T. A. (2016). Perceptual similarity of visual patterns predicts dynamic neural
activation patterns measured with MEG. Neurolmage 132, 59-70. doi: 10.1016/j.
neuroimage.2016.02.019

Weiss, T., Miltner, W. H., Liepert, J., Meissner, W., and Taub, E. (2004). Rapid
functional plasticity in the primary somatomotor cortex and perceptual changes after
nerve block. Eur. J. Neurosci. 20, 3413-3423. doi: 10.1111/j.1460-9568.2004.03790.x

Whittington, J. C. R, McCaffary, D., Bakermans, J. J. W, and Behrens, T. E. J. (2022). How
to build a cognitive map. Nat. Neurosci. 25, 1257-1272. doi: 10.1038/541593-022-01153-y

Willmore, B. D., Mazer, J. A., and Gallant, J. L. (2011). Sparse coding in striate and
extrastriate visual cortex. J. Neurophysiol. 105, 2907-2919. doi: 10.1152/jn.00594.2010

Frontiers in Cellular Neuroscience 16

10.3389/fncel.2024.1366200

Xia, J., Marks, T. D., Goard, M. J., and Wessel, R. (2021). Stable representation of a
naturalistic movie emerges from episodic activity with gain variability. Nat. Commun.
12:5170. doi: 10.1038/s41467-021-25437-2

Xin, Y., Zhong, L., Zhang, Y., Zhou, T,, Pan, J., and Xu, N. L. (2019). Sensory-to-
category transformation via dynamic reorganization of ensemble structures in mouse
auditory cortex. Neuron 103:¢906, 909-921.e6. doi: 10.1016/j.neuron.2019.06.004

Xu, Y., and Vaziri-Pashkam, M. (2021). Limits to visual representational
correspondence between convolutional neural networks and the human brain. Nat.
Commun. 12:2065. doi: 10.1038/s41467-021-22244-7

Yu, B. M., Cunningham, J. P, Santhanam, G., Ryu, S. I, Shenoy, K. V,, and
Sahani, M. (2009). Gaussian-process factor analysis for low-dimensional single-trial
analysis of neural population activity. J. Neurophysiol. 102, 614-635. doi: 10.1152/
jn.90941.2008

Zagha, E., and McCormick, D. A. (2014). Neural control of brain state. Curr. Opin.
Neurobiol. 29, 178-186. doi: 10.1016/j.conb.2014.09.010

frontiersin.org


https://doi.org/10.3389/fncel.2024.1366200
https://www.frontiersin.org/journals/cellular-neuroscience
https://www.frontiersin.org
https://doi.org/10.1523/JNEUROSCI.1733-19.2020
https://doi.org/10.1016/j.neuroimage.2016.02.019
https://doi.org/10.1016/j.neuroimage.2016.02.019
https://doi.org/10.1111/j.1460-9568.2004.03790.x
https://doi.org/10.1038/s41593-022-01153-y
https://doi.org/10.1152/jn.00594.2010
https://doi.org/10.1038/s41467-021-25437-2
https://doi.org/10.1016/j.neuron.2019.06.004
https://doi.org/10.1038/s41467-021-22244-7
https://doi.org/10.1152/jn.90941.2008
https://doi.org/10.1152/jn.90941.2008
https://doi.org/10.1016/j.conb.2014.09.010

	Representational maps in the brain: concepts, approaches, and applications
	What is a representational map?
	From single cells to maps
	Representational maps in the brain
	Representational maps of sensory features: topography and beyond

	Example studies from the literature
	Representational maps in primates including humans
	Representational maps in rodents

	Experimental estimation of a representational map
	Conceptualization
	Size of the neural measurement
	Types of data and algorithms to create the representational map
	Measures of trial-to-trial variability
	Brain states and behavioral context
	Validation of a representational map

	Collective statistics of the tuning of individual neurons determine the structure of a representational map
	Maintenance of representational maps and their adaptive and maladaptive plasticity
	Maintaining and adjusting representational maps
	Clinical implications

	Conclusion and outlook
	Author contributions

	References

