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Correlated spontaneous activity
sets up multi-sensory integration in
the developing higher-order cortex
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This valuable study combines experiments and theory to investigate the putative
role of spontaneous correlated activity in establishing aligned topographic maps of
neural activity in higher-order sensory areas, and will be of interest to researchers
studying multisensory integration and brain development. However, the evidence
presented is incomplete, as there are notable disconnects between the experimental
data and the modeling setup, and there are methodological details that are either
unclear or missing, limiting the strength of the claims.

https://doi.org/10.7554/eLife.101713.1.sa3

Abstract

To perceive and navigate complex sensory environments, animals combine sensory
information from multiple modalities in specialized brain circuits. Known as multisensory
integration, this process typically depends on the existence of co-aligned topographic
connections from several sensory areas to downstream circuits exhibiting multimodal
representations. How such topographically co-aligned connectivity necessary for
multisensory integration gets set up in early stages of development is still unknown. Inspired
by the role of spontaneous activity in refining topographic connectivity between early
sensory circuits, here we investigated the potential of such spontaneous activity to also guide
the co-alignment of multiple sensory modalities in RL, a higher-order associative cortical area
rostro-lateral to V1. Analyzing spontaneous activity simultaneously recorded in primary
visual and somatosensory cortex and area RL at different developmental ages before sensory
experience, we identify candidate features of this activity to guide the emergence of co-
aligned topographic multisensory projections with somatosensory leading the visual
projection. We confirm this hypothesis using a computational model of activity-dependent
circuit refinement, and show that the correlation of spontaneous activity between the visual
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and somatosensory primary cortex can establish an optimal fraction of multisensory neurons
in RL for stimulus decoding. Our model provides an exciting new computational perspective
of the role of spontaneous activity in the emergence of topographically co-aligned multimodal
sensory representations in downstream circuits, specialized for the processing of rich
sensory environments.

Introduction

Sensory environments are complex — rich with objects and events that specific brain circuits must
decipher to ensure their accurate perception and to guide appropriate behavior. To efficiently
perceive and navigate sensory environments, these brain circuits combine information from
multiple sensory modalities, including vision, somatosensation, or hearing, a process known as
multisensory integration. Several brain regions have been shown to generate multimodal
representations, typically by aligning connections from the sensory periphery where specific
sensory features are first encoded to downstream projection areas. In the rodent, whiskers
transmit tactile sensations which are combined with visual information to guide many behaviors
including goal-directed behavior [1 (2 ], gap crossing and food source detection [2(2 ], navigation
[3CZ], prey-capture behavior [4(Z ], and recognizing object features and shapes [5 (3 ].
Multisensory integration has been reported in subcortical areas such as the superior colliculus
[6C2, 7C2] and the striatum [8 (2 ]. Higher-order areas (HOAs) situated between primary sensory

organized in a topographic manner across the modalities, whereby sensory neurons converge
onto higher-order cortex while preserving space [3 (2, 12 (Z]. Specifically, visual and tactile stimuli
have overlapping representations in a higher order association area, area RL, that lies between the
primary visual (V1) and the primary somatosensory (S1) cortices. There is significant spatial
alignment between V1 and S1 in area RL; e.g. the lower whisker pad aligns to the lower visual field
Additionally, this multisensory integration allows for cross-modal generalization. For example,
rodents can adapt to changing sensory environments and can generalize sensorimotor tasks to a
different modality, i.e. visual, after learning a task from only tactile stimulus, due to aligned
abstract representations of these modalities in RL [1 £ ]. Finally, evidence shows that rats combine

and integrate visual and tactile signals in a supralinear manner, significantly enhancing sensory
processing efficiency [5(%]. Although full functional maturation of visual HOAs occurs only after

Before the onset of sensory experience, primary sensory cortices generate spontaneous activity,
which plays a pivotal role in their proper maturation in terms of cellular properties and activity-
dependent connectivity refinements [15 @ -18 (2 ]. Across the sensory areas, a general
developmental profile of spontaneous activity can be observed: early global and dense
spontaneous events transition to more localized and sparse patterns, typical of adult networks

[1532,172, 19 -212]. By promoting the refinement of appropriate connectivity [222-24(%],

27 4], but at the same time are affected by changing circuitry [28 (2]. Spontaneous activity has

been characterized and shown to guide the establishment of hierarchical architectures in HOAs in
the visual system before eye opening [29 (% ], but much less is known about its role in the

development and topographic co-alignment of multiple sensory modalities in multisensory HOAs.

Whereas activity-independent mechanisms are known to set up the first cues instructing axons
where to go [30(3, 31 2], activity-dependent synaptic plasticity mechanisms instructed by either
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promotes the potentiation of synaptic strength as a result of correlated pre- and postsynaptic
activity, have been proposed to guide the activity-dependent refinement of circuit connectivity in
development [28 (3, 34 (2 -38 (7 ]. Some experimental work has also measured Hebbianlike

contribute to the establishment and alignment of maps from different sensory modalities to
downstream circuits, which has been mainly investigated in the rodent superior colliculus and
avian optic tectum [32 @ ]. For example, how visual experience aligns the auditory and visual
maps during development has been mainly studied by manipulations that cause the two maps to
misalign [40 244 (2 ]. This suggests that these same principles might apply not only to realign and

maintain maps after manipulation, but also to the activity-dependent emergence of aligned
representations in developing circuits.

Here, we combine computational modeling and calcium imaging experiments to investigate the
role of spontaneous activity in the emergence of aligned topographic maps from two primary
sensory cortices (visual, V1 and somatosensory, S1) to RL, an associative cortical area rostro-lateral
to V1, and the emergence of bimodal responses in RL. We find that spontaneous activity in V1, S1,
and RL sparsifies during development, but S1 exhibits more mature activity patterns compared to
V1, which desynchronize as early as postnatal day eight. Using these experimental insights, we
expand a computational model of activity-dependent connectivity refinement between primary
sensory areas (V1 and S1) and RL using biologically plausible Hebbian synaptic plasticity which
was previously used to study topographic map-formation and receptive field refinement between
the thalamus and V1 [28 2 ]. Our model predicts that aligned topographic connectivity refinement
and the emergence of bimodal neurons requires an intermediate amount of correlation between
the primary sensory cortices (V1 and S1), which we investigate in our data. This connectivity
refinement through spontaneous activity between the primary sensory areas and RL is sufficient
to explain the developmental sparsification in RL whereby RL neurons become responsive to
either or both primary sensory cortices in a ratio that ensures optimal information processing.

Results

Spontaneous activity in V1, S1 and RL during development

To investigate how spontaneous activity matures differentially across the mouse’s developing
primary visual (V1), somatosensory (S1), and higher-order areas, specifically area RL, we
performed two-photon imaging with one field of view per developing cortex in unanesthetized
mouse pups at postnatal days (PN) 8-16 (Figure 1A,B (2). Spontaneous activity was observed across
all three cortical areas (Figure 1C ). We used a linear mixed model analysis [45 ] to estimate

the differential effect of age on different aspects of spontaneous activity. As described in previous
development, i.e. the average amplitude, duration, and participation rate of spontaneous activity
decrease with age, as reflected in the significant negative effect of age on these properties (Figure
1D-F, HZ, see Methods). In contrast, the frequency of events increases with age, as reflected in the
significant positive relationship between age and event rate (Figure 1G, H(®). Similar trends of
activity sparsification were also observed in S1 and RL. There were no differences between
participation rate across areas, with all areas following a similar decreasing trend over time
(Figure 1F,H@). Furthermore, comparing area RL to V1 also showed no significant differences in
duration of events and event rate between these two areas (Figure 1E,G,H 2), although
amplitudes were slightly higher in RL compared with V1. However, we observed some significant
differences, especially in S1. Specifically, spontaneous events in S1 have significantly lower
amplitudes, lower durations, and higher rates compared to the other regions, at younger ages
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(Figure 1D,E,G,H @). Together, this suggests that spontaneous activity in S1 has more mature
amplitudes, duration, and event rates earlier in development, whereas RL and V1 develop more
similarly during the second postnatal week. RL was found to slightly lag behind V1 and S1.

In summary, spontaneous activity in developing primary cortices and RL sparsifies with different
temporal profiles, where the somatosensory cortex leads before the visual cortex and RL.

The primary somatosensory and visual cortex

exhibit correlated spontaneous activity

Because RL needs to integrate activity from both V1 and S1 simultaneously, we hypothesized that
there could be correlated activity between the primary sensory cortices to guide the emergence of
this multisensory integration via some activity-dependent mechanism. To this end, we reanalyzed
our published wide-field calcium imaging recordings from both V1 and S1 [46 (7] to assess the
temporal relationship between spontaneously occurring activity in these two primary sensory
cortices (Figure 2A@). We found that activity between the visual and the somatosensory cortex is
often, but not always, temporally synchronized (Figure 2B ). Indeed, analyzing the average
activity between V1 and S1 of several animals at postnatal days PN9-PN12 revealed a range of

Pearson correlation coefficients, with a mean of ~0.5 (Figure 2C@).

Previous work has shown that connectivity between V1 and RL as well as S1 and RL is
topographically organized in mature animals to preserve space [3(%, 11 2 ]. Furthermore, this
organization is also aligned across the modalities, i.e. stimuli in the same region of sensory space
tend to converge onto the same cells in RL [3C2, 12 %, 297 ]. Hence, in addition to temporal
correlations, we evaluated whether spontaneous activity also carries information about spatial
topography between the two primary sensory cortices and RL. We computed functional
correlation maps for three distinct locations in V1 and RL, as well as three other locations in S1
and RL, showing that spontaneous activity in RL is coordinated topographically relative to both V1
and S1 (Figure 2D,E ). Thus, spontaneous activity between V1 and RL and between S1 and RL is
also spatially correlated and carries topographic information. This suggests that some activity-
dependent mechanism might be using these temporal and spatial correlations during
development to establish topographic connectivity maps between the primary sensory areas and

RL, and hence enable multisensory integration in the adult animal.

Correlated spontaneous activity can generate
topographic connectivity between the primary

sensory cortex and RL and bimodal cells in RL

To test the hypothesis that an activity-dependent mechanism may use the spatio-temporally
structured spontaneous activity in the primary sensory cortices to set up topographic connectivity
from each area into RL and generate bimodal cells, we built and analyzed a computational model
activity-dependent synaptic plasticity of feedforward connections between V1 and RL, and S1 and
RL, with each area subject to spontaneous activity as characterized before (Figure 1@). While we
initialized the connectivity as random, we included a slight bias for neighboring cells in the
primary sensory cortices to project onto neighboring cells in RL (Figure 3B %). This bias
incorporates activity-independent effects like molecular gradients that are known to set up a
coarse topography before the onset of activity-dependent plasticity, at least for connectivity
between the sensory periphery and subcortical or primary cortical areas [38(4, 47 249 ],

Activity-dependent plasticity was implemented through a synaptic plasticity rule involving
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Figure 1.

Spontaneous activity in RL sparsifies over development, with more mature activity in S1 compared to V1 and RL. A. Schematic
of the two-photon experiments. Primary visual cortex (V1), somatosensory cortex (S1), and rostro-lateral area (RL) imaged in
sequence over a 100 min recording session. B. Sample field of views of the individual cortices. Scale bar corresponds to 50
um. C. Sample z-profile traces from the three different cortices (columns) in three mice at different postnatal ages (rows).
Vertical scale bar corresponds to 20% AF/Fy. Horizontal scale bar corresponds to 50 seconds. D-G. Amplitude (D), duration (E),
participation rate (F), and event rate (G) as a function of postnatal age. Individual dots represent averages across all events in
an area from one animal. Regression lines derived from a linear mixed model in H. H. Effect sizes of age and cortical region,
and interaction effects of age within cortical region (i.e. Age:S1 and Age:RL) as determined by linear mixed model analysis,
where age and region are included as fixed effects, and mouse ID and sample ID are included as random effects. All
comparisons are relative to V1 at PN8. Values shown for V1 are estimates of the intercept at day PN8. Values shown for Age in
V1 are estimates of the slope in the linear mixed model. All interaction effects of age within region (Age:S1 and Age:RL) apply
to differences in the slope for that region compared to the slope of age within V1, whereas cortical region (S1 and RL) effects
apply to differences in the intercept compared to V1 at PN8 (see Methods). Stars indicate statistical significance (* p<0.05, **
p<0.01, *** p<0.001). N=10 animals.
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Figure 2.

Spontaneous activity in S1 and V1 is synchronized. A. Schematic of wide-field experiments. An area encompassing the visual
(V1) and the somatosensory (S1) cortices imaged over a 100 min recording session, broken up into 5 min recordings. B. Top:
Three examples of spontaneous events, predominantly in V1 (left), S1 (right), or in both primary cortices (middle). Bottom:
Sample AF/Fj traces averaged over V1 (red) or S1 (blue). Lines indicate the time points at which the events in the top row
occurred. Horizontal scale bar indicates 20 seconds. Vertical scale bar represents 50% AF/F,. C. Temporal correlations
between V1 and S1. Violin plots where each dot indicates Pearson correlation coefficients during 2-minute bin. PN9 N=6; PN10
N=5; PN11 N=4; PN12 N=2. D,E. Spatial correlations in V1/RL and S1/RL. Functional correlation maps show that spontaneous
activity in RL is coordinated topographically with activity in both V1 (D) and S1 (E). Each color represents the correlations
between the fluorescent changes over time of one of three seed areas in each image (white squares) and all pixels in the field

area, AL: anterolateral area, A: anterior area.
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Hebbian and heterosynaptic terms. The Hebbian term potentiates synaptic weights based on
coincident pre- and postsynaptic activity. The additional heterosynaptic term was implemented to
depress synaptic weights, but only in the presence of presynaptic activity (see Methods)

change in connection strength = pre x (post - offset). (1)

This rule was previously derived from interacting molecular neurotrophins [39 %, 502, 51 (%]

as measured experimentally (Figure 2C ) which this synaptic plasticity rule used to modify the
synaptic weights in the network. Specifically, to implement temporal correlations, S1 and V1
neurons were driven by a combination of events, independent and shared in each V1 and S1. To
implement spatial correlations within a given area (V1 or S1), each independent event activated a
randomly chosen, contiguous set of neurons, which we have previously shown can establish
topographic connectivity between two areas [28 (4 ]. To implement spatial correlations between V1
and S1, the same set (in terms of topographic identity) of neurons in both S1 and V1 were
activated. The common inputs giving rise to shared events might reflect shared inputs from the
subcortical areas such as the thalamus or superior colliculus into the primary sensory cortices

[53& -55] or correlation induced by direct connections between V1 and S1 [56 (%, 572 .

properties for a range of V1 and S1 temporal correlations (Figure 3E ). To quantify the
topographic organization of connectivity between V1 and RL, and S1 and RL, and the alignment of
maps from V1/S1 to RL, we defined two mathematical measures, topography and alignment
(Figure 3F 2, see Methods). Weak temporal correlations (wWhere independent events dominate
over shared events) resulted in strong competition between the primary sensory cortices with
dominant synaptic weight depression. The strong competition generated sparse connectivity
matrices to RL, with many RL neurons decoupling from the primary sensory cortices (Figure 3E(3,
left). This resulted in poor topography and map alignment of the maps between V1/S1 and RL
(Figure 3G,H@). RL had almost no bimodal cells, i.e. neurons that receive input from both

3I1@). Increasing temporal correlations between the primary sensory cortices increased alignment
of the V1/S1 to RL maps (Figure 3H®). However, very strong correlations were detrimental to
V1/RL and S1/RL topography (Figure 3E,G ). Strong temporal correlation between V1 and S1
rendered many RL neurons selective to visual and somatosensory inputs at the same topographic
location as reflected in the identical connectivity matrices (Figure 3E(Z, right), overriding the
initial topographic bias (Figure 3B ). Only a medium-strength temporal correlation between V1
and S1, as found experimentally (Figure 2C(% ), generated a connectivity profile which prevented
RL cells to decouple from V1 and S1, while preserving topography (Figure 3E2, middle).

We quantified the percentage of bimodal neurons in our model as a function of the temporal
correlation between V1 and S1 (Figure 3I(2). By performing a steady-state analysis of our model
(see Methods), we derived the critical amount of temporal correlation, c*, between S1 and V1
required for the emergence of bimodal neurons. This parameter depends solely on two
parameters of the model, i.e. the average firing rate of cells in the sensory cortices, (pre), and the
heterosynaptic offset from Eq. 12,

cx = offset — (pre). 2)
With these connectivity refinements, the generated activity in RL became sparser in terms of

amplitude and participation rate (Figure 3] 3), consistent with the sparsification observed in the
experimental data (Figure 1C,D,F2).
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Figure 3.

Model set-up and assumptions. A. Schematic of a three-population feedforward model of the developing V1, S1, and RL. B.
Example of random initial connectivity matrix between V1 and RL (connectivity matrix for S1 and RL is chosen identically) with
a topographic bias denoted by stronger connections along the diagonal inspired by activity-independent mechanisms (see
Methods). C. Sample of spontaneous events in V1 (top) and S1 (bottom) across cells as a function of time. Boxes highlight two
spatiotemporally correlated events in V1 and S1 (see Methods). D. Example of refinement of connectivity matrix between V1
and RL (top) and S1 and RL (bottom), from ¢, to ty. Same axes as in Figure 2BCZ . E. Example of connectivity matrices in
steady state from simulations with low (left) to highly (right) temporally correlated activity between V1 and S1. F. Schematic
to illustrate topography and alignment measures (see Methods). G-I. Topography (G), alignment (H), and percentage of
bimodal cells (I) as a function of V1 to S1 correlation. Red dots correspond to the examples from E. K. Excerpt of activity in RL
at the beginning (left) and end (right) of the simulation (corresponds to panel D, left and right).
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In summary, our proposed computational model can account for the developmental sparsification
of spontaneous activity in higher-order cortical area RL through the refinement of feedforward
connectivity between two primary sensory cortices, V1 and S1, and RL. Furthermore, the model
predicts that only medium-strength correlations between primary cortices produce
topographically organized and aligned connectivity in V1/RL and S1/RL, and a mixture of bimodal
and unimodal neurons in RL consistent with experimental data.

More mature spontaneous events in S1 can

guide map alignment between V1 and RL

Having established that the spatio-temporal correlations between V1 and S1 can set up
topographic and aligned connectivity to RL as well as generate bimodal cells in RL, we next turned
to investigate a possible role of the differentially more mature spontaneous activity in S1
compared to V1 (Figure 1H). To examine this, we systematically increased the bias of the
topographic connectivity between S1 and RL (Figure 4A 2 ). While unsurprisingly a stronger bias
improved the topographic connectivity between S1 and RL (Figure 4B ™2, right), it also improved
the topographic organization of connectivity between V1 and RL (Figure 4B (2, left, and C).
Therefore, spontaneous activity in S1, which matures more rapidly than V1, can guide the
refinement of connectivity between V1 and RL.

A mixture of bimodal and unimodal neurons

in RL performs optimal decoding of activity

RL is involved in integrating information from different sensory modalities to obtain a more
accurate representation of statistically rich sensory environments. In particular, an area that
integrates visual and tactile stimuli is able to more accurately infer such information; e.g. when
rats use both tactile and visual information, their performance in a task involving determining
object orientation is better than the sum of the performance of each modality individually [5%].
To investigate how the topographically aligned cortical connectivity between V1 and RL, and S1
and RL, might facilitate the integration of information from different sensory modalities, we
quantified how much information about the activity of each primary sensory cortex can be
decoded from the activity in RL. We quantified the amount of decoded information as the
coefficient of determination, RZ, which can be interpreted as the fraction of variance in V1 or S1
that can be reconstructed from activity in RL. To do this, we fitted a linear regression model using
RL activity and both V1 and S1 activity, and calculated R? from the error between our fitted linear
model and each sensory area individually, which we refer to as the ‘V1 or S1 reconstruction’

the primary sensory cortices are not connected to RL; for example, RL contains only a partial
representation of the visual field, hence V1 cells outside of that region do not project to RL
(10,61 2]. Consistently, we found that the fraction of variance reconstructed, R, for either V1 or
S$1 independently increased with the percentage of connected neurons from the respective cortex
into RL (Figure 5B (%, see Methods). We showed analytically that a locally connected network,
where every primary sensory cortical neuron makes at least one connection to RL and every RL
neuron receives at least one connection from the primary sensory cortices, can maximize the total
fraction of variance reconstructed for both V1 and S1 if the activity in V1 or S1 is perfectly
temporally correlated (correlation = 1) (see Methods). These conditions translate to the scenario
where all neurons in RL are bimodal. However, when activity across V1 and S1 is moderately
correlated, having some unimodal RL neurons can achieve a higher total maximum fraction of
variance for both V1 and S1 compared to the purely bimodal case (Figure 5C %, see Methods).
Having unimodal neurons increases variance explained when activity is not perfectly correlated
because incomplete information from one modality can be completed with information from the
other modality. Furthermore, the activity of unimodal neurons provides unambiguous
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More mature spontaneous events in S1 effectively instruct map alignment between V1 and RL. A. Three pairs of connectivity
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information about whether only one or both of the primary sensory cortices is active, whereas in
the case with all bimodal neurons this is indistinguishable. This suggests that the mixture of
unimodal and bimodal neurons in RL [3 ] is the optimal solution for encoding the maximum

Discussion

We investigated the role of spontaneous activity in the maturation of connectivity from two
primary sensory cortices, V1 and S1, to RL, a higher-order association area, by combining
computational modeling with experiments. We found that while spontaneous activity sparsifies
during development in all investigated areas, S1 exhibits relatively mature, desynchronized
activity patterns as early as postnatal day eight. Using these experimental insights, we constructed
a computational model of activity-dependent connectivity refinement from each V1 and S1 to RL.
To generate topographic connectivity from V1 and S1 to RL, aligned connectivity maps for the two
sensory projections and a mixture of unimodal and bimodal neurons in RL, our model predicts
that spontaneous activity between V1 and S1 should exhibit moderate temporal correlations,
which we also found experimentally. Furthermore, we demonstrated how a more mature
somatosensory cortex can guide the refinement of visual cortex connectivity to RL, suggesting that
inter-cortical influence plays a central role in the establishment of refined and topographically
aligned connectivity during development. Finally, we found that moderate correlations between
V1 and S1 result in a mixture of bimodal and unimodal neurons in RL which can optimize
information processing in RL when either one modality or both are active. Thus, by combining
modeling with experiments, we found that activity-dependent plasticity can instruct the formation
of refined and topographically aligned connectivity between primary sensory and high-order
cortices in development to produce efficient information integration from multiple modalities.

Origin of correlated events in the primary sensory cortices

We find that early spontaneous activity with medium correlations can lead to the optimal amount
of bimodal neurons and alignment of these sensory maps before sensory experience, which is
crucial for effective multisensory integration in higherorder cortical areas. Such medium
correlations indeed exist in the experimental data (Figure 2C 2). This result makes the prediction
that alterations in the correlations in early spontaneous activity might affect later multisensory
integration, which can be empirically tested. For instance, spontaneous activity in V1 has been
shown to have different correlation properties in a mouse model of Fragile X [63(#] and in cases

RL may be perturbed in these cases.

What might be the origin of the correlated activity we observed in the visual and somatosensory
cortex (Figure 2@)? One possibility is that the source is external to the animal [64 (7], i.e. a single

stimulus with both visual and somatosensory aspects. Indeed, while a substantial portion of
activity in the developing cortex occurs independently of sensory stimulation [23 (%], both the

activity. Although it is unlikely that this external stimuli gives any topographic information before
eye opening, it could help to correlate the activity between sensory cortices. Alternatively,
subcortical areas like the (primary or higher-order) thalamus are in an ideal position for
coordinating activation across distinct regions of the cortex [29, 542, 67 (2]. The developing
thalamus exhibits spontaneous propagating waves, which have been shown to guide the
formation of sensory maps to the cortex and support circuit plasticity [54 4,68 (3,694 ].
Spontaneous calcium waves propagate among the different sensory-modality thalamic nuclei up
to the cortex and hence provide a means of communication among sensory systems [69(Z].

Finally, correlated events in V1 and S1 could also originate from lateral long-range connections
between the visual and somatosensory cortex. These types of connections emerge during the first
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Figure 5.

A mixture of bimodal and unimodal neurons can optimally decode activity. A. Schematic of regression procedure to calculate
R? for reconstructing V1 or S1 activity from RL activity with a non-linear transfer function (a sigmoid) (see Methods). A linear
regression is performed using the non-linearly transformed RL activity (dependent variable) and both V1 and S1 activity
(independent variables). R is calculated from V1 or S1 activity separately using the fitted regression line. B. Reconstruction of
V1 or S1 activity (R?) as a function of the percentage of connected cells from the respective cortex over all values of
correlation chosen uniformly between 0 and 1 (see Methods). Color indicates topography. C. Reconstruction of V1 and S1

activity (R%) as a function of the percentage of bimodal cells (denoted by color).
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a subregion near the anterior border of V1, situated in close proximity to S1, receive input from
local fast spiking inhibitory neurons that have direct cortico-cortical input from the posterior area
of S1 [71 & ]. This cross modal suppression may contribute to these medium level correlations

during development.

Precise timing of map formation

We have shown that the somatosensory cortex’s early maturation is able to drive the aligned
topographic development of the visual cortex Figure 4 . This agrees with previous work showing
earlier development of somatosensory cortex. For example, layer 4 (L4) to L2/3 excitatory synapses
in somatosensory cortex were shown to mature 2 weeks earlier than those in visual cortex [72(Z].
A similar template for the maturation of one map provided by another is observed in the
refinement of cortico-collicular connections. Projections from S1 to the superior colliculus arrive
as early as postnatal day 2 while projections from V1 enter the colliculus around postnatal day 6
[73C2], giving more time for S1 maps to refine. The precise timing of connectivity refinement
between S1 and the superior colliculus likely guides the later developmental connectivity
refinement between V1 and the colliculus and helps align the two maps [73(%, 742 ]. Moreover,
this process of visual and somatosensory map alignment in the superior colliculus seems to be
activity-dependent, with spontaneous activity in the retina playing an important role by driving
the alignment of cortico-collicular connections from V1 to a genetically-induced duplicated retino-
the visual map seems to be present also in the refinement of connections between S1 vs. V1 and RL
as we have shown earlier. Although the activity-dependent plasticity mechanisms behind this are
experimentally unknown, inspired by earlier works [28 2, 50 ], our models suggest that similar

activity-dependent plasticity involving Hebbian and heterosynaptic terms are sufficient.

Role of recurrent connectivity

In our model, we have chosen to focus on feedforward connections between the primary sensory
and RL for several reasons. First, recent experimental evidence from the developing
somatosensory cortex suggests that feedforward connectivity might be established first [77Z],

and second, the strength and functional specificity of recurrent connections in the visual cortex
increases only later in development [78 (3 ]. Furthermore, abstraction is important for deriving

Uni- and bimodal neurons in other species
Neurons responding to only a single or to multiple modalities are common in other animals apart

fields of neurons in the associative cortex of the cat revealed that stimulus location is likely
represented in a distributed population code and that unimodal neurons could contribute by
improving the accuracy of the encoded stimulus location [85(%]. Furthermore, the response
patterns of unimodal neurons in the cat extrastriate cortex revealed that while these neurons do
not respond to their non-preferred modality, their activation is nonetheless modulated when non-
preferred and preferred stimulus occur at the same time [88 (2], further suggesting that unimodal

neurons contribute to a population code. Varying the proportion of uni- and bimodal neurons
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might thus contribute to a continuum of multisensory responses across different cortical areas
[90C2 ]. Thus, our proposed explanation for the mixture of uni- and bimodal neurons in terms of

optimal decoding of input origin integrates well into the existing literature.

Methods

Experimental procedure Animals

All experimental procedures were approved by the institutional animal care and use committee of
the Royal Netherlands Academy of Sciences. C57BL/6] mice of both sexes were used. All animals
were aged between postnatal days (PN) 8-16. Mice of this strain open their eyes at P14.

In utero electroporation

For wide-field imaging (Figure 2(%) pyramidal neurons in layer 2/3 of the visual cortex were
transfected with GCaMP6s (2 mg/ml) and DsRed (2 mg/ml) at embryonic day (E) 16.5 using in utero
electroporation [91 (2 ]. Pregnant mice were anesthetized with isoflurane and a small incision (1.5-
2 cm) was made in the abdominal wall. The uterine horns were carefully removed from the
abdomen, and DNA was injected into the lateral ventricle of embryos using a sharp glass electrode.
Voltage pulses (five square wave pulses, 30 V, 50-ms duration, 950-ms interval, custom-built
electroporator) were delivered across the brain with tweezer electrodes covered in conductive gel.
Embryos were rinsed with warm saline solution and returned to the abdomen, after which time

the muscle and skin were sutured.

Surgery

Animals were anesthetized with isoflurane (3 percent in 1 1/min O,). After anesthesia had become
effective, lidocaine was used for local analgesia and a head bar with an opening (@ 4 mm) above
the visual cortex (0.5-2.5 mm rostral from lambda and 1-3 mm lateral from the midline) was
attached to the skull with superglue and dental cement. For calcium imaging, a small craniotomy
above the visual cortex was performed. The exposed cortical surface was kept moist with cortex
buffer (125 mM NacCl, 5 mM KCl, 10 mM glucose, 10 mM HEPES, 2 mM MgSO, and 2 mM CacCl, [pH
7.4]).

Calcium indicator application

For the imaging experiments shown in Figure 12, the calcium-sensitive dye Cal-590 (Aat
Bioquest) was dissolved in 4 ul pluronic F-127, 20 percent solution in DMSO (Invitrogen) and
further diluted (1:10) in dye buffer (150 mM NacCl, 2.5 mM KCl, and 10 mM HEPES) to yield a final
concentration of 0.5 mM. The dye was then pressure-ejected into S1, RL and V1 at 10-12 psi for 8-
13 min with a micropipette (3-5 MQ) attached to a picospritzer (Toohey).

Image acquisition

One hour before imaging, anesthesia was stopped, and animals were recorded in the absence of
anesthesia. In vivo calcium imaging with cellular resolution (Figure 1) was performed on a
Nikon multi-photon microscope (A1R-MP) with a 0.8/16x water-immersion objective and a
Ti:Sapphire laser (Chameleon II, Coherent) Nikon software. We recorded the movement signal of
the scan mirrors to synchronize calcium imaging and electrophysiology. Pixel size was 650 nm and
images of 330 by 330 yum were recorded at 5-10 Hz.

In utero electroporated pups were used for wide-field calcium imaging of visual and
somatosensory cortex (Figure 2(%). Calcium events were recorded with a Movable Objective
Microscope (MOM, Sutter Instrument). Time-lapse recordings were acquired with a 4x objective
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(0.8 NA, Olympus) and blue light excitation from a Xenon Arc lamp (Lambda LS, Sutter Instrument
Company). A CCD camera (Evolution QEi, QImaging) was controlled by custom-made LabVIEW
(National Instruments) based software and images were acquired at a frame rate of 20 Hz.

Image processing
Images were processed as described previously [46 2 ]. For two-photon image processing, drift and

was aligned to the first recording in the series to remove any movements between recording
sessions. Delta F stacks were made using the mean fluorescence per pixel as baseline, F. ROIs
were hand-drawn using Image] (NIH). Automated transient detection and further data processing
was performed using custom-made MATLAB software (MathWorks).

Epifluorescence image processing: Delta F stacks were made using the average fluorescence per
pixel as baseline. V1 was identified based on activity coordinates and shape after this method of

Statistical analysis

In two-photon recordings (Figure 1), activations within each cell were detected asin [93] as a
peak with both an absolute height and relative prominence of at least 5% AF/F,. When more than
20% of recorded cells were active simultaneously, the activation was considered an event. In wide-

calcium peaks with an amplitude above 2x the standard deviation.

Functional correlation maps

(10x10 pixels each) within V1 or S1 and their time courses across a recording were determined by
averaging the pixel values in each seed area for each frame of the recording. Next, the Pearson
coefficient of correlation between the time courses of each seed area and those of all pixels in the
field of view were determined and represented in one image for each seed area. Finally, the three
images of each seed area were combined into one RGB image, such that each channel represents
one functional correlation map. The actual color of each pixel represents the highest coefficient of
correlation value across the three channels. The final RGB map reflects the topographic
organization of the recorded spontaneous activity patterns.

Linear mixed model

To correctly account for the nested data structure commonly encountered in neuroscience
research [45 (2], we fit a linear mixed-effects model that treats animal and sample identity as
random factors. We included interaction effects between age and region within our fixed effects.
No transformations of the data were performed. Estimated effect sizes are shown in (Figure 1®%).
Effect sizes on cortical region affect the intercept, but age and age-region interaction estimates
affect the slope of the regression line. One-hot encoding was used because the regions are
categorical variables. This means that one region, i.e. V1, is chosen as baseline and every other
region is compared to this baseline. Any differences due to region are added/subtracted from the
intercept for V1. Age and age-region interaction effects change the slope and should therefore be
added or subtracted from the estimated slope for region V1. Since PN8 was the earliest age used in
our data, 8 was subtracted from all ages so that PN8 is the estimated intercept. Our linear model
may not be valid outside of the ages used (PN8-PN16) and no extrapolation should be done without
experimental confirmation. This multilevel analysis allowed us to examine the effects of age and
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cortical region on four response variables: amplitude, event rate, participation rate, and duration.
To obtain p-values, we used the Satterthwaite’s degrees of freedom method, as implemented in the
ImerTest package [94 2] in R. The linear mixed model formula is:

Y = Bo+pB1-S1+ B2 RL + (,33 +pB4-S1+p55- RL)(age - 8) + €4 (3)

where y is one of the response variables, i.e. amplitude, event rate, participation rate, or duration
and age is postnatal day. 3 is the intercept for V1 at age PN8, and f3; and 3, are the differences in
intercept for cortical region (S1 and RL are dummy variables set to 0 if not predicting that region
or 1if predicting that region). 3 is the slope for V1 over age and 4 and 5 are the differences in
slope (age-region interaction effects) from V1 over age for the cortical region of interest. g;; is the
error from both random effects (mouse ID and sample ID) and residual error.

Rate-based network model

two onedimensional input layers, v and s, and one output layer r with NV, N5, and N " neurons
each. We used periodic boundary conditions in each layer to avoid edge effects. The initial
connectivity between v and r, W,,, and s and r, Wy, is initially all-to-all with uniformly distributed
weights in the range w;y,; € [a, b]. In addition, a topographic bias was introduced by modifying the
initially random connectivity matrix to have the strongest connections between neurons at the
matched topographic location. These biased weights decay with a Gaussian profile with increasing
distance (Figure 3@)), with amplitude a and spread s. During the evolution of the weights, soft
bounds were applied on the interval [0, W, 4,].

The input populations v and s receive spontaneous activation from a homogeneous Poisson
process with an inter-event interval of 150s, implemented using a Binomial random variable with
sufficiently small time steps. A spontaneous event increased the firing rate of a fraction of
neighboring neurons to 1 for L 4, seconds. The activity of the output layer r is given as a leaky
integrator of the input populations,

T

v v

i |

—Fi=—ri+ > Wivi+ Y Wisk. (4)
7 k

We studied the weight evolution under activity-dependent learning rules. In particular, following
[28 2 ] we chose a rule that combines Hebbian and heterosynaptic effects that can produce

selectivity,
1
— W =ri(v. — 0 5
T ik T’(Uk ) ( )
and
1
— W5, =ri(sp — 0) (6)
Tw

where 0 is a heterosynaptic offset constant that defines a distance-dependent heterosynaptic
depression. Heterosynaptic plasticity occurs when a nearby unstimulated synapse stabilizes or
depresses due to the plasticity in a stimulated one. This helps to stabilize the Hebbian plasticity
[502]. Table 1 lists all parameters. For simulations with varying correlation values, the % of
correlated events is chose from a uniform distribution between 0 and 1, U[0,1]. For simulations
with varying S1 bias, a Gaussian spread of 4 and a random bias from a uniform distribution

between 0.05 to 0.6 was chosen. Simulation time of 500,000 ms was used.
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[ parameter name value description
NY N* N™ 50 Number of neurons
Wing U[0.35,0.55] | Range of initial weights (U: uniform dist.)
bias_v1, spread_vl | 0.05, 8 Amplitude and spread of initial Gaussian bias for V1
bias_s1, spread_s1 | 0.05, 8 Amplitude and spread of initial Gaussian bias for S1
Tig 50 Weight-change time constant for Hebbian rule [s]
T 0.001 Membrane time constant [s]
W max 1 Max weights
0 0.5 Heterosynaptic offset constant
L%, L2 150 Inter-event interval [s]
L Ly 15 Duration of event [s]
Litanges Liange U[0.2,0.8] % of neurons activated during event
Lamp 1 Amplitude of a neuron during event
% correlated events | 50% % of events correlated between V1 and S1

Table 1.

Parameters used for simulations.
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Expected weight dynamics and bimodality threshold

Since the dynamics of the output layer are much faster than the change in weight, r << w, we made
a steady state assumption and computed

N N
mi =D Wi+ ) Wicsk. (7
J k

This allowed us to write the expected change in weight between (e.g.) the v and r populations as a
function of the input statistics of the v and s population,

N

N
%( k) = Z W (v (v, — 0)) + Z Wi (s (k. — 0)). ®)
i)

J

This formulation allowed us to investigate the critical required amount of correlation between
cells in v and s that allows for the formation of stable bimodal cells in r. In particular, we
investigated the expected change of weight in the configuration where all connections between v
and r are fully depressed and only one connection between s and r is potentiated:

¥ =0 ©)
and
Whax, 1=k,
Wl = e T (10)
0, otherwise.

The expected weight change in this configuration is
1 v

'r_( 5 = Winaz (8i(v; — 0)) = Wiax(Cov(s;, v;) + ppps — 8:0) (11)
w

where Cov is the covariance and y,,, ug are the average firing rates. The critical amount of
correlation, where potentiation and depression balance each other out, is characterized by the
condition

L vy =0 (12)

w

which we solved for the correlation, yg,, = Cov(s;, v;)/(0,0y), as

Yoo = (st — popts)/(Gu0s). (13)

Assuming that rates and variances in v and s are equal and that the activity is Poisson, i = 62, the
condition for the critical correlation further simplifies to

Tvs = b= . (14)
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Optimal weight matrix for correlated input populations

We considered a concatenation of the two “input” populations, X = [v; s] of size M x 1, that drive
activation in the “output” population, r = p(WX), where ¢ is a (possibly non-) linear transfer
function, r is size N" x 1 and M = NV + N 5. The decoding problem introduced in Figure 5 can be
phrased as inferring activity of the input populations from the output population, x = Ap(WX),
where A is the pseudoinverse of W, A = (W! W) "W, We then searched for the optimal weight
matrix, W, = [WY, W¥] of size N7 x M, where WY represents the weights from v to r, and W*
represents the weights from s to r, that minimizes the squared error between Xand x,E=(X- x
)? and therefore maximizes R?.

As the dimension of r is substantially smaller than the dimension of X, dim(r) <« dim(X), the
optimal weight matrix needs to preserve the largest possible amount of variability of the input
while projecting it into a lower dimensional space. Using insights from principal component

eigenvectors of the covariance matrix of X with the largest eigenvalues,
XTXW, = W, where Ay > Ay > ... > Ay (15)
To better understand the structure of the eigenvectors, we can exploit the fact that in our set-up

the covariance matrix, C is circular, i.e. every row of XT X can be obtained by a cyclic shift of the
generating vector, ¢ = [¢q, €y, ..., Cpp—1]:

[&)] C1 (6] e Cp—1
CM—1 Co 1 - CM-2
C=|¢Mm-—2 €cmM—1 C - CMmM-3|. (16)
[&] C2 Cg - Co

Eigenvectors and eigenvalues of circulant matrices have well-known closed form solutions [96 (2 ].
The eigenvectors are the Fourier modes:

v; = W{Lw«nw?a v g M1 for F=, Loy wos M — 1 (17)
where w = e2™M primitive M -th root of unity. The corresponding eigenvalues can be computed
as

M-—1
A=) ok w® (18)
k=0

Since the covariance matrix is symmetric, i.e. Cj = Cpp-j for all j and all values are real in the

covariance matrix we can rewrite the eigenvalues in terms of their real parts:

o omjk
Xj =cg+2 ; ck cos(=57~), when M is even. (19)
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For a real-symmetric circulant matrix, the real and imaginary parts of the eigenvectors are
themselves eigenvectors:

v =Thglinl) = :;%?[cos(2ﬁj0/ﬂ4),cos(2ﬂj1/ﬁ1),...,cos(2wj(ﬂd—-1)/AJ)L (20)
w; = Im(v;) = —[sin(2rj0/M), sin(2mi1/M), ..., sin(2mik(M — 1)/M)]. 21)

The first M/2 eigenvectors with nonzero eigenvalues from v and w will comprise W,,,, which
maximizes R%. Only the first M/2 are used since the dimension of r is M/2 in our case where NV = N
S and can have a maximum of M/2 eigenvectors.

Our experimental set-up with correlated input populations translates into a generating vector ¢
that has nonzero terms around the diagonal and offset from the diagonal by M/2. If the inputs
between V1 and S1 are fully correlated, then ¢, =1fork € {0,..., W2, M -1)/2-W/2,..., (M-
12+ W2, M-1)-W/2,..., M- 1} and ¢; = 0 else, where W is the extent of spatial correlation of
the neurons. Taking this into consideration and removing any terms that simplify to zero due to
the periodicity of the cosine function gives us the eigenvalues:

N LA A2 cos 2k i jis even, @2)
o, if j is odd.

Hence, the eigenvectors with nonzero eigenvalue of the covariance matrix are exactly the first half
of the eigenvectors of the sin and cos functions with an even-numbered period. Due to this
simplification of the odd j’s leading to A; = 0 and even numbered periods, this results in
eigenvectors that are identical on the indices {0, . .., M/2 - 1} and {M/2, ..., M } which is the
definition of a bimodal cell and therefore all cells must be bimodal to maximize the R?> when input
correlation = 1 between V1 and S1.

Topography

Network topography measures the degree to which the initial topographical bias is preserved in
the final receptive field. To calculate topography, we calculated the Pearson’s correlation
coefficient, r, of the final receptive field with an ideal receptive field template (Figure 3(2). The
ideal receptive field template that was used has weights of 1 with a Gaussian spread of 4 from
center.

Alignment

Alignment is a measure of similarity between the final receptive fields of V1 and S1. To calculate
alignment, we calculated the Pearson’s correlation coefficient, r, between the final receptive field
of S1 and the final receptive field of V1.

Reconstruction

To calculate the reconstruction of V1 and S1 activity from RL in Figure 5%, we fitted a linear
model between all 3 layers’ activity patterns for 1000 sec using the final weight matrix of RL
(independent variable) and V1 and S1 combined (dependent variable). Duplicates of RL activity
pattern were removed from all layers activity and 80% of the data was used to avoid over-fitting.
Then the coefficient of determination was calculated as

SSres
S‘S‘fm'.

R¥=1- (23)
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where SS,4 is the sum of the residuals squared and SS;,, is the total sum of squares, using only
one sensory area’s activity at a time, e.g. RL vs. V1 or RL vs. S1 activity compared with the linear fit
of all 3 layers.

Acknowledgements

We thank Mark Hii bener for feedback on the manuscript and all members of the Gjorgjieva and
Lohmann labs for comments and discussions. This work was supported by the Max Planck Society
(J.H.K,, M.E.W,, D.K. and J.G.), the Technical University of Munich (J.M.D. and J.G.), the European
Research Council (ERC) under the European Union’s Horizon 2020 research and innovation
program (Grant agreement No. 804824 to ].G.) and Nederlandse Organisatie voor Wetenschappelijk
Onderzoek (grant numbers ALWOP.216, OCENW.KLEIN.535, 865.12.001, OCENW.M.22.310) to C.L.,
ZonMw (9126021) to C.L. and Stichting Vrienden van het Herseninstituut (805254845) to C.L.

Author contributions

Conceptualization: J.G. and C.L. Experiments: N.Z., AR., G.J.H. and P.P.M. Modeling and analysis:
J.M.D., . HK, M.EW,, D.K. and J.G.; Writing: ].M.D., .H.K,, PP.M.,, C.L. and J.G.

Data and code availability

All code for generating the model and figures can be found at: https://github.com/comp-neural-
circuits/Multisensorylntegration.git 3

JaeAnn M Dwulet et al., 2024 eLife. https://doi.org/10.7554/eLife.101713.1 21 0of 33


https://doi.org/10.7554/eLife.101713.1
https://github.com/comp-neural-circuits/MultisensoryIntegration.git

7 eLife

[1]

[2]

References

Guyoton Maélle, Matteucci Giulio, Foucher Charlie G., Getz Matthew P., Gjorgjieva Julijana, El-
Boustani Sami (2024) Cortical circuits for cross-modal generalization bioRxiv

Jenkinson Edward W., Glickstein Mitchell (2000) Whiskers, barrels, and cortical efferent
pathways in gap crossing by rats journal of Neurophysiology 84:1781-1789

Olcese Umberto, Lurilli Giuliano, Medini Paolo (2013) Cellular and synaptic architecture of
multisensory integration in the mouse neocortex Neuron 79:579-593

Shang Congping, Liu Aixue, Li Dapeng, Xie Zhiyong, Chen Zijun, Huang Meizhu, Li Yang, Wang
Yi, Shen Wei L., Cao Peng (2019) A subcortical excitatory circuit for sensory-triggered
predatory hunting in mice Nature Neuroscience 22:909-920

Nikbakht Nader, Tafreshiha Azadeh, Zoccolan Davide, Diamond Mathew E. (2018) Supralinear
and supramodal integration of visual and tactile signals in rats: Psychophysics and
neuronal mechanisms Neuron 97:626-639

Gharaei Saba, Arabzadeh Ehsan, Solomon Samuel G. (2018) Integration of visual and whisker
signals in rat superior colliculus Scientific Reports 8

Ito Shinya, Si Yufei, Litke Alan M., Feldheim David A. (2021) Nonlinear visuoauditory
integration in the mouse superior colliculus PLoS Computational Biology 17

Reig Ramén, Silberberg Gilad (2014) Multisensory integration in the mouse striatum Neuron
83:1200-1212

Glickfeld Lindsey L., Olsen Shawn R. (2017) Higher-order areas of the mouse visual cortex
Annual Review of Vision Science 3:251-273

Han Yunyun, Kebschull Justus M., Campbell Robert A. A., Cowan Devon, Imhof Fabia, Zador
Anthony M., Mrsic-Flogel Thomas D. (2018) The logic of single-cell projections from visual
cortex Nature 556:51-56

Wang Quanxin, Burkhalter Andreas (2007) Area map of mouse visual cortex journal of
Comparative Neurology 502:339-357

Pluta Scott R., Lyall Evan H., Telian Greg 1., Ryapolova-Webb Elena, Adesnik Hillel (2017)
Surround integration organizes a spatial map during active sensation Neuron 94:1220-
1233

Murakami Tomonari, Matsui Teppei, Ohki Kenichi (2017) Functional segregation and
development of mouse higher visual areas jJournal of Neuroscience 37:9424-9437

Smith Ikuko T., Townsend Leah B., Huh Ruth, Zhu Hongtu, Smith Spencer L. (2017) Stream-
dependent development of higher visual cortical areas Nature Neuroscience 20:200-208

JaeAnn M Dwulet et al., 2024 eLife. https://doi.org/10.7554/eLife.101713.1 22 of 33


https://doi.org/10.7554/eLife.101713.1

7 eLife

[15] Golshani Peyman, Tiago Gongalves J., Khoshkhoo Sattar, Mostany Ricardo, Smirnakis Stelios,
Portera-Cailliau Carlos (2009) Internally mediated developmental desynchronization of
neocortical network activity Journal of Neuroscience 29:10890-10899

[16] Kirkby Lowry A., Sack Georgeann S., Firl Alana, Feller Marla B. (2013) A role for correlated
spontaneous activity in the assembly of neural circuits Neuron 80:1129-1144

[17] Rochefort Nathalie L., Garaschuk Olga, Milos Ruxandra-Iulia, Narushima Madoka, Marandi
Nima, Pichler Bruno, Kovalchuk Yury, Konnerth Arthur (2009) Sparsification of neuronal
activity in the visual cortex at eye-opening Proceedings of the National Academy of Sciences of
the United States of America 106:15049-15054

[18] Che Alicia, Babij Rachel, lannone Andrew F., Fetcho Robert N., Ferrer Monica, Liston Conor,
Fishell Gord, De Marco Garcia Natalia V. (2018) Layer i interneurons sharpen sensory maps
during neonatal development Neuron 99:98-116

[19] Leighton Alexandra H., Cheyne Juliette E., Houwen Gerrit J., Maldonado Paloma P., De Winter
Fred, Levelt Christiaan N., Lohmann Christian (2021) Somatostatin interneurons restrict cell
recruitment to retinally driven spontaneous activity in the developing cortex Cell Reports
36

[20] Chini Mattia, Pfeffer Thomas, Hanganu-Opatz Ileana (2022) An increase of inhibition drives
the developmental decorrelation of neural activity eLife 11

[21] Gribizis Alexandra, Ge Xinxin, Daigle Tanya L., Ackman James B., Zeng Hongkui, Lee Daeyeol,
Crair Michael C. (2019) Visual cortex gains independence from peripheral drive before eye
opening Neuron 104:711-723

[22] Ackman James B., Crair Michael C. (2014) Role of emergent neural activity in visual map
development Current Opinion in Neurobiology 24:166-175

[23] Leighton Alexandra H., Lohmann Christian (2016) The wiring of developing sensory circuits-
from patterned spontaneous activity to synaptic plasticity mechanisms Frontiers in Neural
Circuits 10

[24] Luhmann Heiko J., Sinning Anne, Yang Jeng-Wei, Reyes-Puerta Vicente, Stittgen Maik C.,
Kirischuk Sergei, Kilb Werner (2016) Spontaneous neuronal activity in developing
neocortical networks: From single cells to large-scale interactions Frontiers in Neural
Circuits 10

[25] Berkes Pietro, Orban Gergo, Lengyel Maté, Fiser J6zsef (2011) Spontaneous cortical activity
reveals hallmarks of an optimal internal model of the environment Science 331:83-87

[26] Ge Xinxin, Zhang Kathy, Gribizis Alexandra, Hamodi Ali S., Sabino Aude Martinez, Crair Michael
C. (2021) Retinal waves prime visual motion detection by simulating future optic flow
Science 373

[27] Romano Sebastian A., Pietri Thomas, Pérez-Schuster Verdnica, Jouary Adrien, Haudrechy
Mathieu, Sumbre Germén (2015) Spontaneous neuronal network dynamics reveal circuit’s
functional adaptations for behavior Neuron 85:1070-1085

[28] Wosniack Marina E., Kirchner Jan H., Chao Ling-Ya, Zabouri Nawal, Lohmann Christian,
Gjorgjieva Julijana (2021) Adaptation of spontaneous activity in the developing visual
cortex elife 10

JaeAnn M Dwulet et al., 2024 eLife. https://doi.org/10.7554/eLife.101713.1 23 of 33


https://doi.org/10.7554/eLife.101713.1

7 eLife

[29] Murakami Tomonari, Matsui Teppei, Uemura Masato, Ohki Kenichi (2022) Modular strategy
for development of the hierarchical visual network in mice Nature 608:578-585

[30] Feldheim David A., O’Leary Dennis D. M. (2010) Visual map development: bidirectional
signaling, bifunctional guidance molecules, and competition Cold Spring Harbor
Perspectives in Biology 2

[31] Goodhill Geoffrey J. (2016) Can molecular gradients wire the brain? Trends in Neurosciences
39:202-211

[32] CangJianhua, Feldheim David A. (2013) Developmental mechanisms of topographic map
formation and alignment Annual Review of Neuroscience 36:51-77

[33] Thompson Andrew, Gribizis Alexandra, Chen Chinfei, Crair Michael C. (2017) Activity-
dependent development of visual receptive fields Current Opinion in Neurobiology 42:136-
143

[34] Miller Kenneth D., Keller Joseph B., Stryker Michael P. (1989) Ocular dominance column
development: analysis and simulation Science 245:605-615

[35] Miller Kenneth D. (1994) Models of activity-dependent neural development Progress in Brain
Research 102:303-318

[36] Sejnowski Terrence ). (1977) Storing covariance with nonlinearly interacting neurons
Journal of Mathematical Biology 4:303-321

[37] Lee Christopher W., Eglen Stephen J., Wong Rachel O.L. (2002) Segregation of on and off
retinogeniculate connectivity directed by patterned spontaneous activity Journal of
Neurophysiology 88:2311-2321

[38] Richter Leonidas M. A., Gjorgjieva Julijana (2017) Understanding neural circuit development
through theory and models Current Opinion in Neurobiology 46:39-47

[39] Butts Daniel A., Kanold Patrick O., Shatz Carla J. (2007) A burst-based ‘hebbian’ learning rule
at retinogeniculate synapses links retinal waves to activity-dependent refinement PLOS
Biology 5

[40] King Andrew J. (1999) Sensory experience and the formation of a computational map of
auditory space in the brain BioEssays 21:900-911

[41] Knudsen Eric 1. (2002) Instructed learning in the auditory localization pathway of the barn
owl Nature 417:322-328

[42] Hyde Paul S., Knudsen Eric I. (2002) The optic tectum controls visually guided adaptive
plasticity in the owl’s auditory space map Nature 415:73-76

[43] King Andrew J., Schnupp Jan W. H., Thompson Ian D. (1998) Signals from the superficial
layers of the superior colliculus enable the development of the auditory space map in the
deeper layers Journal of Neuroscience 18:9394-9408

[44] Witten Ilana B., Knudsen Eric I., Sompolinsky Haim (2008) A hebbian learning rule mediates
asymmetric plasticity in aligning sensory representations journal of Neurophysiology
100:1067-1079

JaeAnn M Dwulet et al., 2024 eLife. https://doi.org/10.7554/eLife.101713.1 24 of 33


https://doi.org/10.7554/eLife.101713.1

7 eLife

[45]

Aarts Emmeke, Verhage Matthijs, Veenvliet Jesse V., Dolan Conor V., van der Sluis Sophie (2014)
A solution to dependency: using multilevel analysis to accommodate nested data Nature
Neuroscience 17:491-496

Maldonado Paloma P., Nuno-Perez Alvaro, Kirchner Jan H., Hammock Elizabeth, Gjorgjieva
Julijana, Lohmann Christian (2021) Oxytocin shapes spontaneous activity patterns in the
developing visual cortex by activating somatostatin interneurons Current Biology 31:322-
333

Godfrey Keith B., Swindale Nicholas V. (2007) Retinal wave behavior through activity-
dependent refractory periods PLOS Computational Biology 3

Goodhill Geoffrey J., Xu Jun (2005) The development of retinotectal maps: A review of
models based on molecular gradients Network: Computation in Neural Systems 16:5-34

Grimbert Frangois, Cang Jianhua (2012) New model of retinocollicular mapping predicts the
mechanisms of axonal competition and explains the role of reverse molecular signaling
during development Journal of Neuroscience 32:9755-9768

Kirchner Jan H., Gjorgjieva Julijana (2021) Emergence of local and global synaptic
organization on cortical dendrites Nature Communications 12

Winnubst Johan, Cheyne Juliette E., Niculescu Dragos, Lohmann Christian (2015) Spontaneous
activity drives local synaptic plasticity in vivo Neuron 87:399-410

Mackay David J. C., Miller Kenneth D. (1990) Analysis of linsker’s application of hebbian
rules to linear networks Network: Computation in Neural Systems 1:257-297

Stein Barry E., Stanford Terrence R., Rowland Benjamin A. (2014) Development of
multisensory integration from the perspective of the individual neuron Nature Reviews
Neuroscience 15:520-535

Martini Francisco J., Guillamén-Vivancos Teresa, Moreno-Juan Verénica, Valdeolmillos Miguel,
Lépez-Bendito Guillermina (2021) Spontaneous activity in developing thalamic and cortical
sensory networks Neuron 109:2519-2534

Guillamén-Vivancos Teresa, Anibal-Martinez Mar, Puche-Aroca Lorenzo, Moreno-Bravo Juan
Antonio, Valdeolmillos Miguel, Martini Francisco )., Lépez-Bendito Guillermina (2022) Input-
dependent segregation of visual and somatosensory circuits in the mouse superior
colliculus Science 377:845-850

Stehberg Jimmy, Dang Phat T., Frostig Ron D. (2014) Unimodal primary sensory cortices are
directly connected by long-range horizontal projections in the rat sensory cortex Frontiers
in Neuroanatomy 8

Massé lan O., Ross Stéphanie, Bronchti Gilles, Boire Denis (2017) Asymmetric direct
reciprocal connections between primary visual and somatosensory cortices of the mouse
Cerebral Cortex 27:4361-4378

Seung H. Sebastian, Sompolinsky Haim (1993) Simple models for reading neuronal
population codes Proceedings of the National Academy of Sciences 90:10749-10753

Warland David K., Reinagel Pamela, Meister Markus (1997) Decoding visual information from
a population of retinal ganglion cells journal of Neurophysiology 78:2336-2350

JaeAnn M Dwulet et al., 2024 eLife. https://doi.org/10.7554/eLife.101713.1 25 0of 33


https://doi.org/10.7554/eLife.101713.1

7 eLife

[60]

[67]

Garrett Marina E., Nauhaus Ian, Marshel James H., Callaway Edward M. (2014) Topography and
areal organization of mouse visual cortex journal of Neuroscience 34:12587-12600

Resulaj Arbora (2021) Projections of the mouse primary visual cortex Frontiers in Neural
Circuits 15

Simoncelli Eero P., Olshausen Bruno A. (2001) Natural image statistics and neural
representation Annual Review of Neuroscience 24:1193-1216

Cheyne Juliette E., Zabouri Nawal, Baddeley David, Lohmann Christian (2019) Spontaneous
activity patterns are altered in the developing visual cortex of the fmr1 knockout mouse
Frontiers in Neural Circuits 13 https://doi.org/10.3389/fncir.2019.00057

Parise Cesare V., Spence Charles, Ernst Marc O. (2012) When correlation implies causation in
multisensory integration Current Biology 22:46-49

Tiriac Alexandre, Smith Benjamin E., Feller Marla B. (2018) Light prior to eye-opening
promotes retinal waves and eye-specific segregation Neuron 100:1059-1065

van der Bourg Alexander, Yang Jeng-Wei, Reyes-Puerta Vicente, Laurenczy Balazs, Wieckhorst
Martin, Sttttgen Maik C., Luhmann Heiko J., Helmchen Fritjof (2017) Layer-specific refinement
of sensory coding in developing mouse barrel cortex Cerebral Cortex 27:4835-4850

Mitchell Anna S., Murray Sherman S., Sommer Marc A., Mair Robert G., Vertes Robert P.,
Chudasama Yogita (2014) Advances in understanding mechanisms of thalamic relays in
cognition and behavior The journal of Neuroscience 34:15340-15346

Anton-Bolafios Noelia, Sempere-Ferrandez Alejandro, Guillamén-Vivancos Francisco J. Martini
Teresa, Pérez-Saiz Leticia, Gezelius Anton Filipchuk Henrik, Valdeolmillos Miguel, Lépez-Bendito
Guillermina (2019) Prenatal activity from thalamic neurons governs the emergence of
functional cortical maps in mice Science :987-990

Moreno-juan Verédnica et al. (2017) Prenatal thalamic waves regulate cortical area size prior
to sensory processing Nature Communications 8

Kast Ryan J., Levitt Pat (2019) Precision in the development of neocortical architecture:
From progenitors to cortical networks Progress in Neurobiology 175:77-95

Weiler Simon et al. (2024) A primary sensory cortical interareal feedforward inhibitory
circuit for tacto-visual integration Nature Communications 15

Kevin Fox Claire E. J. (2010) Cheetham. Presynaptic development at 14 to 12/3 excitatory
synapses follows different time courses in visual and somatosensory cortex journal of
Neuroscience 30:12566-12571

Triplett Jason W., Phan An, Yamada Jena, Feldheim David A. (2012) Alignment of multimodal
sensory input in the superior colliculus through a gradient-matching mechanism The
Journal of Neuroscience 32:5264-5271

Triplett Jason W., Owens Melinda T., Yamada Jena, Lemke Greg, Cang Jianhua, Stryker Michael
P., Feldheim David A. (2009) Retinal input instructs alignment of visual topographic maps
Cell 139:179-185

JaeAnn M Dwulet et al., 2024 eLife. https://doi.org/10.7554/eLife.101713.1 26 of 33


https://doi.org/10.7554/eLife.101713.1
https://doi.org/10.3389/fncir.2019.00057

7 eLife

[89]

Renart Alfonso, de la Rocha Jaime, Bartho Peter, Hollender Liad, Parga Néstor, Reyes Alex,
Harris Kenneth D. (2010) The asynchronous state in cortical circuits Science 327:587-590

van Vreeswijk Carl, Sompolinsky Haim (1996) Chaos in neuronal networks with balanced
excitatory and inhibitory activity Science 274:1724-1726

Naskar Shovan, Narducci Roberto, Balzani Edoardo, Cwetsch Andrzej W., Tucci Valter, Cancedda
Laura (2019) The development of synaptic transmission is time-locked to early social
behaviors in rats Nature Communications 10

Ko Ho, Cossell Lee, Baragli Chiara, Antolik Jan, Clopath Claudia, Hofer Sonja B., Mrsic-Flogel
Thomas D. (2013) The emergence of functional microcircuits in visual cortex Nature 496:96-
100

Levenstein Daniel et al. (2020) On the role of theory and modeling in neuroscience ArXiv

Duhamel Jean-René, Colby Carol L., Goldberg Michael E. (1998) Ventral intraparietal area of
the macaque: Congruent visual and somatic response properties Journal of Neurophysiology
79:126-136

Schroeder Charles E., Lindsley Robert W., Specht Colleen, Marcovici Alvin, Smiley John F., Javitt
Daniel C. (2001) Somatosensory input to auditory association cortex in the macaque
monkey journal of Neurophysiology 85:1322-1327

Graziano Michael S. A, Yap Gregory S., Gross Charles G. (1994) Coding of visual space by
premotor neurons Science 266:1054-1057

Dehner Lisa R., Keniston Leslie P., Ruth Clemo H., Alex Meredith M. (2004) Cross-modal
circuitry between auditory and somatosensory areas of the cat anterior ectosylvian
sulcal cortex: A 'new’ inhibitory form of multisensory convergence Cerebral Cortex 14:387-
403

Nagy A., E6 rdegh Gabriella, Benedek Gyorgy (2005) Extents of visual, auditory and bimodal
receptive fields of single neurons in the feline visual associative cortex Acta Physiologica
Hungarica 90:305-312

Benedek Gyorgy, Edrdegh Gabriella, Chadaide Zoltan, Nagy Attila (2004) Distributed
population coding of multisensory spatial information in the associative cortex The
European Journal of Neuroscience 20:525-529

Alex Foxworthy W., Allman Brian L., Keniston Leslie P., Alex Meredith M. (2013) Multisensory
and unisensory neurons in ferret parietal cortex exhibit distinct functional properties
European Journal of Neuroscience 37:910-923

Ruth Clemo H., Alex Meredith M. (2012) Dendritic spine density in multisensory versus
primary sensory cortex Synapse 66:714-724

Allman Brian L., Meredith M.Alex (2007) Multisensory processing in ‘unimodal’ neurons:
Cross-modal subthreshold auditory effects in cat extrastriate visual cortex Journal of
Neurophysiology 98:545-549

Jantvik Tamas, Gustafsson Lennart, Andrew P. Paplinski. (2011) A self-organized artificial
neural network architecture for sensory integration with applications to letter-phoneme
integration Neural Computation 23:2101-2139

JaeAnn M Dwulet et al., 2024 eLife. https://doi.org/10.7554/eLife.101713.1 27 of 33


https://doi.org/10.7554/eLife.101713.1

7 eLife

[90]

[93]

Alex Meredith M., Ruth Clemo H., Kaiser Jochen, Naumer Marcus Johannes (2010)
Corticocortical connectivity subserving different forms of multisensory convergence
Multisensory Object Perception in the Primate Brain New York, NY: Springer :7-20

Harvey Alan R., Ehlert Erich, de Wit Joris, Drummond Eleanor S., Pollett Margaret A., Ruitenberg
Marg, Plant Giles W., Verhaagen Joost, Levelt Christiaan N., Hicks Barry W. (2009) Use of gfp to
analyze morphology, connectivity, and function of cells in the central nervous system
Viral Applications of Green Fluorescent Protein. Methods in Molecular Biology Totowa, NJ: Humana
Press :63-95

Pnevmatikakis Eftychios A., Giovannucci Andrea (2017) Normcorre: An online algorithm for
piecewise rigid motion correction of calcium imaging data Journal of Neuroscience Methods
291:83-94

Siegel Friederike, Alexander Heimel J., Peters Judith, Lohmann Christian (2012) Peripheral and
central inputs shape network dynamics in the developing visual cortex in vivo Current
Biology 22:253-258

Kuznetsova Alexandra, Brockhoff Per B., Rune H. B (2017) Christensen. Imertest package:
Tests in linear mixed effects models Journal of Statistical Software 82:1-26

Abdi Hervé, Williams Lynne J. (2010) Principal component analysis WIREs Computational
Statistics 2:433-459

Tee Garry J. (2005) Eigenvectors of block circulant and alternating circulant matrices
Research Letters in the Information and Mathematical Sciences 8:123-142

Author information

JaeAnn M Dwulet#
School of Life Sciences, Technical University of Munich, Freising, Germany
ORCID iD: 0000-0003-2519-5193

#These authors contributed equally.

Nawal Zabouri*

Department of Synapse and Network Development, Netherlands Institute for Neuroscience,
Amsterdam, the Netherlands

#These authors contributed equally.

Jan H Kirchner*

School of Life Sciences, Technical University of Munich, Freising, Germany, Computation in
Neural Circuits Group, Max Planck Institute for Brain Research, Frankfurt, Germany
ORCID iD: 0000-0002-9126-0558

#These authors contributed equally.

JaeAnn M Dwulet et al., 2024 eLife. https://doi.org/10.7554/eLife.101713.1 28 of 33


https://doi.org/10.7554/eLife.101713.1
http://orcid.org/0000-0003-2519-5193
http://orcid.org/0000-0002-9126-0558

7 eLife

Marina E Wosniack

School of Life Sciences, Technical University of Munich, Freising, Germany, Computation in
Neural Circuits Group, Max Planck Institute for Brain Research, Frankfurt, Germany
ORCID iD: 0000-0003-2175-9713

Alessandra Raspanti

Department of Synapse and Network Development, Netherlands Institute for Neuroscience,
Amsterdam, the Netherlands
ORCID iD: 0000-0002-2394-8465

Deyue Kong

Computation in Neural Circuits Group, Max Planck Institute for Brain Research, Frankfurt,
Germany, Frankfurt institute for Advanced Studies, Frankfurt am Main, Germany

ORCID iD: 0000-0002-3046-2121

Gerrit ] Houwen

Department of Synapse and Network Development, Netherlands Institute for Neuroscience,
Amsterdam, the Netherlands

Paloma P Maldonado

Department of Synapse and Network Development, Netherlands Institute for Neuroscience,
Amsterdam, the Netherlands, Social Brain Lab, Netherlands Institute for Neuroscience, Royal
Netherlands Academy of Art and Sciences, Amsterdam, the Netherlands

Christian Lohmann

Department of Synapse and Network Development, Netherlands Institute for Neuroscience,
Amsterdam, the Netherlands, Department of Functional Genomics, Center for Neurogenomics
and Cognitive Research, VU University Amsterdam, Amsterdam, the Netherlands

ORCID iD: 0000-0002-1780-2419

For correspondence: clohmann@nin.knaw.nl

Julijana Gjorgjieva

School of Life Sciences, Technical University of Munich, Freising, Germany, Computation in
Neural Circuits Group, Max Planck Institute for Brain Research, Frankfurt, Germany
ORCID iD: 0000-0001-7118-4079

For correspondence: gjorgjieva@tum.de

Editors

Reviewing Editor

Audrey Sederberg

Georgia Institute of Technology, Atlanta, United States of America

Senior Editor
Tirin Moore
Stanford University, Howard Hughes Medical Institute, Stanford, United States of America

JaeAnn M Dwulet et al., 2024 eLife. https://doi.org/10.7554/eLife.101713.1 29 of 33


https://doi.org/10.7554/eLife.101713.1
http://orcid.org/0000-0003-2175-9713
http://orcid.org/0000-0002-2394-8465
http://orcid.org/0000-0002-3046-2121
http://orcid.org/0000-0002-1780-2419
http://orcid.org/0000-0001-7118-4079

7 eLife

Reviewer #1 (Public review):

Dwulet et al. combined experimental and modeling approaches to investigate how correlated
spontaneous activity in the mouse's primary visual (V1) and primary somatosensory (S1)
areas drives the development of multisensory integration in area RL. Notably, they focused
on early developmental stages, before sensory experience occurs. Consistent with previous
experimental findings, the authors first demonstrated that spontaneous activity becomes
more sparse across development in all three areas, as measured by event amplitude, event
duration, and participation ratio. Using a linear mixed model analysis to compare the
maturation of this spontaneous activity, they found evidence that S1 matured the fastest. The
authors then presented experimental evidence suggesting that these spontaneous events
were moderately correlated both spatially and temporally.

They hypothesized that activity-dependent mechanisms use these correlations to establish
connectivity across these regions. To test this hypothesis, the authors modeled a feedforward
network with connections from S1 to RL and from V1 to RL, where the strength of
connections depended on a Hebbian term for potentiation and a heterosynaptic term for
depression. By investigating different levels of V1-S1 correlations, they found that moderate
levels of correlation led to the significant development of topographically organized
connectivity while maintaining a mix of bimodal and unimodal cells in RL. Additionally,
when simulating a network with a more mature S1, they observed that topographical maps
improved not only between S1 and RL but also between V1 and RL. Finally, the authors use
linear regression to suggest that the mixture of bimodal and unimodal cells in RL is optimal
for encoding the maximum amount of information from both V1 and S1.

However, there are significant gaps between the experimental data and the modeling setup,
which weaken the paper's conclusions. Additionally, some key details are omitted, making it
difficult to fully assess their analysis and interpret some of their figures.

(1) Some of the statistical measures and techniques in Figure 1 could benefit from clearer
definitions. While the thresholds for activation (peak with at least 5% dF/F0) and events (20%
of recorded cells activated simultaneously) are provided, event duration and participation
rate are not clearly defined. Based on this definition of event alone, it is unclear why the
minimum participation rate in Figure 1F is not 20%. Additionally, the conclusion that S1
matures earlier than RL and V1 could be strengthened by including a direct comparison
between S1 and RL, as the current analysis only compares these areas to V1.

(2) The wide-field experiments in Figure 2 could be expanded to support the feedforward
modeling assumptions. Currently, the spatial and temporal correlations presented leave open
the possibility that these spontaneous events are traveling waves propagating from V1 to RL
to S1 (or vice versa). This scenario would suggest a different connectivity scheme for the
model. Clarifying this point with additional data analysis, specifically including temporal
correlations involving RL, could provide stronger support for the model's assumptions.

(3) The functional correlation map in Figure 2D appears contradictory to the authors'
modeling assumption that inputs are correlated spatially in V1 and S1. While V1 seed points
align topographically with RL, this organization breaks down when extended into S1. In
contrast, and in support of the modeling assumption, Figure 2E shows clearer topography
across all three regions. A discussion of this discrepancy would be helpful, as it's a key
conclusion of the figure. Additionally, it is unclear when this data was collected during
development. Clarifying the developmental stage and analyzing how this map changes over
time could strengthen the results.

(4) The modeling of spontaneous events with fixed amplitude and duration seems
inconsistent with the experimental data in Figure 1, which shows variability in these
parameters. This is particularly confusing in Figure 4, where S1 maturation is modeled as a
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stronger topographical alignment with RL, but the experimental data defines maturation
based on amplitude, duration, and event rates. Justifying these modeling choices or adapting
the model to reflect experimental variability would create a better connection between the
theory and data.

(5) Several important details of the mathematical model are missing or unclear, partly due to
typos. The Results section mentions the general framework of the input correlation matrix
(e.g., "S1 and V1 neurons were driven by a combination of events, independent and shared in
each V1 and S1" and "each independent event activated a randomly chosen, contiguous set of
neurons"), but the specifics are not fully explained. Additionally, the caption of Figure 5 refers
to a non-linear transfer function (a sigmoid), but these details are not provided in the
Methods section, which instead suggests a linear model was used. A careful review of the
main text and Methods section would help ensure that all the necessary details are included
and that the story is both complete and accurate.

(6) While Figure 5 supports the paper's conclusion that a mixture of unimodal and bimodal
neurons in RL optimizes information encoding, the authors missed an opportunity to
strengthen the connection between the model and experimental data. Specifically, they could
apply this reconstruction method to the experimental data and examine how RL's ability to
reconstruct V1/S1 activity changes across development. Their model predicts that this
performance would improve over time, and if this trend is observed in the experimental
data, it would provide strong validation that these feedforward connections are developing in
line with the model's predictions.

https://doi.org/10.7554/eLife.101713.1.sa2

Reviewer #2 (Public review):

The authors aim to investigate the role of spontaneous activity in shaping the development of
multisensory integration in the brain, specifically focusing on the connections between
primary visual and somatosensory sensory areas (V1 and S1) and a higher-order cortical area
rostro-lateral to V1 (RL). They seek to understand how spontaneous activity guides the
formation of aligned topographic maps and the emergence of bimodal neurons in RL.

First, the authors found that spontaneous activity in all three areas sparsifies over time, but
S1 exhibits more mature patterns earlier than V1 and RL. They claimed that correlated
activity among neighboring regions of these areas during development carries topographic
information. These data were used to implement a computational model that employed
Hebbian rules of synaptic plasticity. The model indicated that correlated spontaneous activity
can generate topographic connectivity between $1/V1 and RL and bimodal neurons in RL. The
model suggested that the more mature spontaneous activity in S1 can guide map alignment
between V1 and RL. In addition, the model also suggested that a mixture of bimodal and
unimodal neurons in RL is optimal for decoding information from V1 and S1.

While the data presented in the manuscript is promising and provides preliminary insights
into the role of spontaneous activity in multisensory integration, it would be beneficial to
strengthen the experimental foundation regarding the correlation between V1, S1, and RL.
Incorporating more rigorous spatio-temporal analyses of spontaneous activity could enhance
the robustness of these findings.

Here are some important concerns:

(1) The analysis of how spatial topography influences activity correlations in Figure 2 has
several issues.
1la. While squares in V1 and S1 covered a small area of these sensory areas, the correlated
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territories in RL covered the entire area of RL. The topographic map in V1 continues caudally,
so where is the rest of the map in RL? Something similar applies to the relationship between
S1 and RL.

1b. It is essential to know how areas were drawn. High precision is required.

1c. It is not clear if correlated activity means different events in sync or large events that
cover 2 or all 3 cortical areas of interest. The figure points to the second option, which
contradicts the size of events at these stages, mainly in the oldest mice analyzed here.

1d. It is fundamental to know in detail and provide examples of how the detection of events
was performed. For instance, could the dispersion of light from an event in V1 close to RL
cause the detection of activity in RL?

(2) For the correlations among V1, S1, and RL, it is crucial to have a consistent method to
delineate the borders of cortical areas. The authors mention in one sentence that areas were
drawn according to a reference map. More details are needed to convince the reader that the
borders are accurate, especially because their shape and position change with age.

(3) The results from the model seem to be based on the initial bias in connectivity between
neighboring cells from the different areas. Then, it seems straightforward that implementing
correlated activity with Hebbian and synaptic depression rules will force the strengthening of
connections between spatially close cells. Despite this apparent predisposition of the model
towards a defined outcome, the flaws in the experimental data used prevent a rigorous
interpretation of the computational model.

(4) In the Introduction, the authors nicely and briefly explain the role of primary and higher-
order sensory cortices in information processing. They also explain how spontaneous activity
during development helps to build these circuits by refining connections or establishing
hierarchies. They continue explaining the relevance of aligning different topographic maps to
allow multisensory integration. Then they provide some examples of sites of multisensory
integration. This provides a general context for the data presented in the Results section;
however, and importantly, there is no specific introduction of why they are interested in RL
and its interaction with V1 and S1. The authors should introduce the RL area and explain why
it is an interesting site for multisensory processing.

(5) The results shown in Figure 1 corroborate published data from Golshani et al, Rochefort et
al, Murakami et al. While the reproduction of data is more than welcome, the authors should
specify which part of the data is completely new and acknowledge clearly the rest as
corroboration of previous data. The sentence "As described in previous experiments ..."
partially acknowledges this fact but is not clear enough. In addition, the transition between
this part of the manuscript and the next data is not smooth. Data seems to be used to feed the
model so perhaps the organization of the manuscript leaves room for improvement.

https://doi.org/10.7554/eLife.101713.1.sa1

Reviewer #3 (Public review):
Summary:

The study by Dwulet et al. explores how the development of spontaneous neural activity in
primary sensory cortices influences the co-alignment of multiple sensory modalities in
higher-order brain areas (HOAs). To address this question, they focus on connectivity
between the primary visual (V1) and somatosensory (S1) cortices and an associative cortical
area (RL) in mice. The authors combine experimental (wide-field and two-photon calcium
imaging) and computational approaches to show that spontaneous activity matures at a
different pace across these brain regions. Their data indicate that S1 develops more rapidly
than V1, which is possibly beneficial for RL's integration of visual and somatosensory inputs
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through correlated spontaneous activity. Using a computational model, they demonstrate that
a moderate correlation between V1 and S1 activity can optimally guide the formation of
bimodal neurons in RL, which are crucial for maximizing the decodability of multisensory
stimuli. This finding highlights the role of correlated spontaneous activity in primary sensory
cortices in establishing co-aligned topographic multimodal sensory representations in
downstream circuits.

Strengths:

The manuscript is well written and it provides strong enough evidence to support the main
claim of the authors. The insights on the role of correlated activity on instructing co-aligned
multisensory maps in HOAs are not trivial and are an important advancement for the field.

Weaknesses:

In the opinion of this reviewer, the study has no major weaknesses. A drawback of the work
is that none of the predictions of the computational modeling have been corroborated
through mechanistic experimental manipulations of early brain activity.

https://doi.org/10.7554/eLife.101713.1.sa0
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