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areas as the most distinguishing feature
for ASD genotype classification.
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SUMMARY

Functional connectivity (FC) can provide insight into cortical circuit dysfunction in neuropsychiatric disorders.
However, dynamic changes in FC related to locomotion with sensory feedback remain to be elucidated. To
investigate FC dynamics in locomoting mice, we develop mesoscopic Ca®* imaging with a virtual reality
(VR) environment. We find rapid reorganization of cortical FC in response to changing behavioral states. By us-
ing machine learning classification, behavioral states are accurately decoded. We then use our VR-based im-
aging system to study cortical FC in a mouse model of autism and find that locomotion states are associated
with altered FC dynamics. Furthermore, we identify FC patterns involving the motor area as the most distin-
guishing features of the autism mice from wild-type mice during behavioral transitions, which might correlate
with motor clumsiness in individuals with autism. Our VR-based real-time imaging system provides crucial

information to understand FC dynamics linked to behavioral abnormality of neuropsychiatric disorders.

INTRODUCTION

Neocortical activity displays dynamic changes across multiple
cortical areas to facilitate processing of sensory information
and generate action outputs.’ Such large-scale network dy-
namics can be investigated using functional connectivity
(FC), defined as temporal dependence of neuronal activity be-
tween anatomically separated brain regions.” With functional
magnetic resonance imaging (fMRI), FC is quantified as the
extent of coactivation between spontaneous blood-oxygen-
level-dependent (BOLD) signals during rest or task conditions
necessitating minimal movement.® FC can also be measured
in rodents.* However, the immobilization of a subject within an
MRI scanner and the slow nature of BOLD signals in resting-
state fMRI has limited the study of cortical activity during
complex behaviors involving whole-body movement and
locomotion. Although the ability to record sensory-evoked
BOLD signals in awake head-restrained mice was recently
developed,® techniques to measure FC during natural and
voluntary movement in an interactive environment remain to
be established.

uuuuu

FC provides a valuable tool for investigating functional brain
network organization in autism spectrum disorder (ASD).° A
large body of resting-state fMRI studies reports functional un-
der-connectivity (hypoconnectivity), over-connectivity (hyper-
connectivity), and a combination of global and local alterations
in the ASD brain.” In addition, machine learning models can be
trained to predict an individual’s diagnostic status using their
FC, although clinical heterogeneity is a significant challenge.®*°
In contrast to resting-state and task conditions, cortical dy-
namics during voluntary behaviors such as locomotion remain
to be understood, particularly in neuropsychiatric disorders. In-
dividuals with ASD exhibit motor coordination deficits'® and
impairment of movement planning in goal-directed locomo-
tion.""'? Furthermore, accumulating evidence suggests that
sensorimotor difficulties seen in ASD are strongly associated
with the development and maintenance of social and non-social
core symptoms.'®

In this study, we sought to elucidate the rapid reorganization of
functional cortical networks during locomotion, focusing on pe-
riods transitioning between locomotion (i.e., running) and rest
conditions, in normal and ASD model mice. To this end, we
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Figure 1. Analysis of cortical FC with mesoscopic Ca®* imaging

(A) The imaging and virtual reality (VR) system.
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(B) The virtual arena. The floor and walls have green gridlines to enhance the sense of visual flow. Each wall is painted in a different color. The mouse starts to move

from the location indicated by the red dot.

(C) A schematic of the transcranial imaging window affixed to the mouse skull.
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developed an integrated Ca®* imaging and virtual reality (VR)
platform to study neural activity in mice during VR locomotion,
including statistical analysis of second-by-second FC dynamics,
graph theoretical analysis of network structures, and machine
learning classification of FC patterns using a support vector ma-
chine (SVM). Cortex-wide mesoscopic Ca* imaging enabled the
measurement of neural activity with high spatiotemporal resolu-
tion.”*'® VR created an environment that simulated real-world
situations for head-fixed mice and allowed us to manipulate sen-
sory information.'®'” Using this experimental and analytical
framework, we assessed cortical FC of a copy number variation
mouse model for human 15g11-13 duplication (75 dup) in
different behavioral states. We previously reported that 75q
dup mice display ASD-like social communication deficits'®°
and exhibit abnormal somatosensory tuning under anesthesia
and whole-brain functional hypoconnectivity in awake resting-
state fMRI.>*° However, cortical FC alterations during behavior
remain unknown. Here, we found that these mice exhibited
impaired locomotion-dependent FC dynamics and aberrant FC
patterns involving hyperconnectivity of the motor areas, high-
lighting the importance of motor areas in cortical FC dysfunction
during spontaneous behavioral switching in ASD.

RESULTS

To measure cortical FC in mice engaged in voluntary movement,
we used transcranial Ca* imaging combined with a head-fixed
VR system (Figures 1A-1C; STAR Methods). The virtual environ-
ment mimicked a realistic open-field enclosure and consisted of
a two-dimensional square arena with differently colored walls
(Figure 1B). We crossed Emx1-Cre driver mice, which allow
extensive Cre-mediated recombination in the forebrain, with
Ai95D mice to express the genetically encoded calcium indicator
GCaMPé6f in cortical excitatory neurons of the offspring Emx1G6
mice (Figure 1D; STAR Methods). During a 10-min VR session,
mice exhibited voluntary locomotion (speed >0.5 cm/s) in this
virtual arena; they spent 58.7% + 19.7% of the total duration in
a state of locomotion (mean + SD, n = 89 sessions from seven
mice). For further analysis, we excluded periods of frequent al-
terations between locomotion and rest and focused only on
long episodes (continuously >3 s) of locomotion and rest
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(Figure 1E). The percentage of time spent in long locomotion
and rest was 50.3% + 22.1% and 32.5% =+ 20.2%, respectively
(mean + SD, n = 89 sessions from seven mice). Average lengths
of long locomotion and rest episodes were 10.0 £ 5.4 s (mean +
SD, n=2,836 episodes from 89 sessions) and 9.4 + 6.6 s (mean +
SD, n = 1,903 episodes from 89 sessions), respectively. There
were no significant changes in these behavioral parameters
across sessions (Figure 1F). We imaged cortical fluorescence
changes at a frame rate of 30 frames per second in 50 regions
of interest (ROIs) that covered most of the dorsal cortical subre-
gions (Figure 1G and 1H; Figures S1 and S2; STAR Methods).
Pairwise correlation coefficients were computed between
cortical ROIs at a temporal scale of a second using a one-frame
sliding window. We then applied graph-theoretic analyses to
characterize the resulting network dynamics and visualized high-
ly correlated ROI pairs (r > 0.8) using an FC map (Figure 1H;
STAR Methods).

Graph analysis of cortical network dynamics during
behavioral transitions

First, we examined the activity of different cortical areas during
behavioral transitions from long rest to long locomotion (locomo-
tion onset, n = 566 events from 89 sessions) and from long loco-
motion to long rest (locomotion cessation, n = 643 events from
89 sessions; Figure 2A). During a period that spanned 3 s before
and after the onset of locomotion, many cortical areas displayed
marked transient increases in fluorescence intensity that began
slightly prior to the onset (dF/F; 0.05% + 0.27% at —0.5 s;
0.62% + 0.45% at 0 s; n = all 50 ROIs, mean + SD; Figure 2A).
In contrast, the fluorescence intensity of all areas rapidly and
substantially decreased immediately after the cessation of loco-
motion (—0.06% = 0.12% at0's; —0.54% + 0.34% at 0.5 s). Such
large signal changes were not observed during control periods
that were randomly selected independent of the locomotion
state (—0.01% + 0.03% at —0.5 s; —0.03% = 0.04% at O s;
0.01% + 0.03% at 0.5 s). Hierarchical clustering of regional fluo-
rescence signals revealed that response profiles of all ROls dur-
ing the onset periods could be divided into two major clusters:
one represented the considerable transient activity of sensory
(primary visual [V1], somatosensory, hindlimb [HL], somatosen-
sory, forelimb [FL], etc.) and association (HL, parietal area [PT],

(D) Expression of GCaMPéf in a parasagittal section of an adult Emx1G6 mouse (top, scale bar, 1 mm). Immunofluorescence detection of GCaMP6f (green) and
GADG7 (red) in layer 2/3 of the primary motor cortex (bottom, scale bar, 20 pm). Cell nuclei were stained with DAPI (blue). The arrow and arrowhead indicate an
example of GCaMP6f-positive cells and GAD67-positive cells, respectively.

(E) Two behavioral states, long locomotion (L) and long rest (R), were defined by spontaneous locomotion and resting states (duration > 3 s) of head-fixed mice.
Locomotion and rest episodes shorter than 3 s, short locomotion (SL) and short rest (SR), were excluded from FC analysis during behavioral transitions.

(F) Percentages of time spent in long locomotion and long rest (top) and average lengths of long locomotion and long rest episodes (bottom) across sessions. Data
represent mean + SD. (Percentage) locomotion, F14, 74y=0.61, p = 0.84; rest, F(14, 74y=0.52, p = 0.91. (Duration) locomotion, F14, 74)=0.63, p = 0.83; rest, F(14, 74 =
1.83, p = 0.58, n = 11-15 sessions/mouse, seven mice, one-way ANOVA.

(G) Fifty cortical ROlIs are overlaid onto a gray-scale image of the dorsal cortex with a cortical parcellation map (top, dashed lines indicate the field of view; scale
bar, 1 mm). ROIs 1-25 and 26-50 were defined in the left (L) and right (R) hemispheres, respectively, and ROIs for each hemisphere are numbered along the
anterior-posterior axis (bottom). The lowercase letters following cortical areas indicate anterior (e.g., secondary motor, anterior [M2a]) and posterior (e.g., M2p) or
lateral (e.g., somatosensory, lateral barrel [BCI]) and medial (e.g., BCm) positions.

(H) Analysis of cortical FC. After calculating normalized fluorescence changes (dF/F) for each ROI, pairwise Pearson’s correction coefficients of cortical activity in
a 1-s time window were calculated for all ROl pairs and then visualized as matrices. Each matrix was labeled with a corresponding behavior state at the first frame
of the time window. In graph visualization of functional networks, connectivity with a correlation coefficient above a threshold (r > 0.8) was denoted as a line (edge)
that connected the corresponding ROls (nodes).

See also Figure S1.
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Figure 2. Dynamic reconfiguration of the functional cortical network during behavioral transitions

(A) Cortical activity during behavioral transitions in Emx1G6 mice. The top plots present average relative changes in fluorescence signals in representative cortical
areas (n = 89 sessions from seven mice). The vertical dashed lines indicate the occurrence of transition. The colormaps at the bottom show changes in fluo-
rescence signals in all ROls. ROI 1-25 and 26-50 were defined in the left and right hemispheres, respectively (see Figure 1G for details).

(B) Dynamics of the functional cortical network during the behavioral transitions. The data for locomotion onset, cessation, and random control are shown from
top to bottom. Correlation matrices and FC graphs (r > 0.8) were determined for each second of the time window encompassing the relevant behavioral transition
that occurred at time zero (vertical dashed line). Time windows —3, —2, —1, 1, 2, and 3 correspond to windows that cover —3to —2s, —2to —1s,—1t00s,0to1s,
1to2s, and 2 to 3 s, respectively.

(C and D) Changes in node degree (C) and betweenness centrality (D) during the transitions.

(E) Change in characteristic path length (CPL) during the transitions. Data represent mean + SEM. Onset, F(5 12 = 11.35, p=1.7 X 10719 cessation, Fis, 600) =
19.15,p=1.1x 10~"7: random, Fs,612)=0.22, p = 0.95, one-way ANOVA. **p < 0.001 vs. time window —1, Tukey-Kramer test, n = 89 sessions from seven mice.
(F) Change in modularity Q during the transitions. Data represent mean + SEM. Onset, F(s, g12) = 25.46, p = 2.3 x 10~23; cessation, F(s so0) = 37.20,p=3.0 x 10723
random, Fs g12)= 0.51, p = 0.77, one-way ANOVA. ***p < 0.001 vs. time window —1, Tukey-Kramer test, n = 89 sessions from seven mice.

See also Figures S3 and S4.

retrosplenial area [RS], etc.) areas and the other represented Next, we investigated cortical FC dynamics during transition pe-
sustained activity of the motor-related regions (primary motor  riods by visualizing indices that represent the network centrality of
[M1], M2, etc.; Figure S3A). On the other hand, the clustering each cortical area. Node degree captures the extent to which are-
of activity around the locomotion cessation differentiated M2  gion connects with other regions. Betweenness centrality mea-
and cingulate [CG] from the major clusters (Figure S3B). sures how much a region is in between other regions.”' Before
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Figure 3. Changes in behavior and functional cortical network during exploration without visual information

(A) Representative trajectories overlaid onto heatmaps of dwell time during exploration with (Control) and without (No projection) visual information.

(B and C) Distance traveled (B) and percentage of unvisited areas (C) during 10-min sessions with (Cont) or without (No pro) visual information. Data represent
mean + SEM. n.s., p = 0.14; **p < 0.001; t test; n = 89 control sessions from seven mice and 71 no-projection sessions from 17 mice.

(D) Cortical activity of Emx1G6 mice without visual information. The convention of the figure is the same as in Figure 2A.

(E) Dynamics of correlations between activities of ROI pairs during the behavioral transitions without visual information. FC graphs (r > 0.8) were generated using
the data shown in (D). The convention of the figure is the same as in Figure 2B.

(F and G) Changes in node degree (F) and betweenness centrality (G) during the transitions in each ROI.

(H and 1) Mean node degree (H) and mean betweenness centrality (l) during the transitions. Data across all ROls were averaged. **p < 0.01, **p < 0.001, t test,
n = 89 control sessions from seven mice and 71 no-projection sessions from 17 mice.

(J and K) Change in CPL (J) and modularity Q (K) during the transitions. The control data presented in Figure 2 are again shown in black for comparison. Data
represent mean + SEM. (CPL) Onset, time, Fs, 930 = 11.95, p=3.1 X 10~""; condition, F1,030=22.28,p=2.7 X 10~%; time x condition, Fis, 930)=2.68, p = 0.02.

(legend continued on next page)
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locomotion onset, FC among posterior areas (blue and green
edges), most notably bilateral HL, somatosensory, trunk (TR),
PT, and Vm, gradually increased (time window from —3 to —1; Fig-
ure 2B top), and node degree also increased in many areas (15.8 +
59at —35s;20.9+6.3at —1 s; n=all 50 ROIs, mean + SD; Fig-
ure 2C). At locomotion onset, FC among posterior regions rapidly
decreased, and highly correlated networks among anterior motor
areas (orange and red edges) subsequently emerged (Figure 2B
top). The node degree of most areas rapidly declined after locomo-
tiononset (15.4 + 3.6 at 1 s, n = all 50 ROIs, mean + SD), although
the primary motor arearemained elevated (M1p, 13.5+ 0.7 at —3ss;
16.7+0.7at —1s;17.7 + 0.1 at 1 s, n =2 ROIs; Figure 2C). At the
cessation of locomotion, the dense anterior networks among mo-
tor areas disappeared, and the FC among posterior regions re-
emerged (Figure 2B middle). These locomotion-dependent dy-
namic reconfigurations of functional network architecture were
absent during random control periods (Figure 2B bottom). Taken
together, the results demonstrate that the correlation among ante-
rior motor areas becomes dominant over posterior sensory/asso-
ciation cortices during locomotion, whereas this reciprocal rela-
tionship between anteroposterior cortical domains is reversed
during rest.

The betweenness centrality of M1p remained high during loco-
motion (Figure 2D), consistent with the notion that the primary
motor area plays a pivotal role in voluntary movement. In addition,
the betweenness centrality of the CG and PTa increased rapidly
at locomotion onset, and PTa was high again immediately before
the cessation of locomotion. In contrast, TR and Vma displayed
delayed rises after the onset and peaked immediately before
cessation (Figure 2D). Fluorescence changes of each ROl were
significantly correlated with node degree but not with between-
ness centrality before locomotion onset (Figure S4), indicating
that these functional network properties do not directly reflect
the magnitude of fluorescence changes. These findings suggest
that locomotion onset and cessation do not necessarily mirror
each other, and hub structure dynamically changes within the
period of locomotion. Moreover, we found significant increases
in characteristic path length (CPL), a measure of the efficiency
of information transfer that represents the average shortest
path length between all region pairs (Figure 2E), and modularity
Q, which means the extent to which the network is subdivided
into non-overlapping groups of regions (Figure 2F). These find-
ings suggest that functional cortical networks manifest a more
modular structure during movement than during rest periods of
no locomotion. We found that correction for hemodynamic sig-
nals did not significantly affect these findings (Figure S5).

Role of visual information in behavioral state-dependent
cortical network dynamics

Animals use visual information to explore external environments.
To investigate the role of visual sensory processing on our
results, we tested mice exploring a virtual environment with no

Cell Reports

projection of visual landscape (Figure 3). In this condition, mice
spent 46.9% + 24.8% and 35.2% + 24.6% of total time engaged
in long locomotion and rest, respectively (mean + SD; long loco-
motion, p = 0.38 vs. control; long rest, p = 0.46 vs. control, t test,
n = 71 sessions from 17 mice). Total distances traveled did not
differ significantly from the control experiments with projection
(Figure 3B). However, the mice often exhibited local circling
and were impeded by invisible walls and corners when they
explored without visual information (Figure 3A). As a result,
they traversed a significantly smaller area within the arena (Fig-
ure 3C). These results demonstrate that vision provides impor-
tant sensory information when mice explore the virtual arena.
We then examined FC dynamics under no visual information.
The fluorescence changes at locomotion onset and cessation
were comparable with those in the control experiments except
for larger and smaller amplitudes in CG (mean + SD; 136.8% =+
34.0% vs. control, n = 71 sessions from 17 mice) and Via
(67.1% = 19.9%), respectively (Figures 3D and 2A). While FC net-
works were similar to those in the control experiments (Figures 3E
and 2B), the number of connections during locomotion was signif-
icantly higher under no projection (Figures 3F, 3H, and 2C). As in
control experiments, the betweenness centrality of M1p was
constantly high during locomotion. However, these centralities of
CG, TR, and Vma were substantially reduced (no projection,
102.8 + 41.7; control, 145.5 + 33.7; mean + SD, n = 6 ROls;
Figures 3G and 2D), which led to significant decreases in overall
betweenness centrality during locomotion (Figure 3l). Further-
more, CPL and modularity Q were also significantly reduced after
locomotion onset (Figures 3J and 3K), although significantly lower
overall CPL observed in random control may have at least partly
contributed to the reduction of locomotion-elicited CPL increase
(Figure 3J, see figure legend for details). These results indicate
that the lack of visual information markedly weakens the network
modularity of locomotion-dependent cortical FCs.
Desynchronization of cortical population activity often mani-
fests when animals engage in a task.”? Using the network-based
statistic (NBS),?® we next tested for changes in FC during transi-
tions between rest and locomotion. Importantly, this analysis al-
lowed us to identify FCs that exhibited not only significantly
higher correlations but also significantly lower correlations (i.e.,
decorrelation). In the control experiments, we observed gradual
and marked increases in FC among posterior sensory areas and
the emergence of decorrelated subnetworks of anterior motor
areas before locomotion onset (time window from —3 to —1; Fig-
ure 4A). After locomotion began, long-range decorrelations
among anterior (motor areas), parietal (CG), and posterior (visual
areas) cortices rapidly emerged, followed by robust decorrela-
tions among posterior sensory cortices 2-3 s after locomotion
onset (Figure 4A). In contrast, persistently decorrelated subnet-
works of posterior sensory cortices during locomotion expanded
to include M2 immediately before locomotion cessation, fol-
lowed by the emergence of sustained decorrelations among

Cessation, time, F(s, 924y = 19.59, p = 1.4 X 10~'8; condition, F1, 924y = 9.47, p = 0.002; time x condition, F(s, g24) = 3.29, p = 0.006; random, time, F5, g4g) = 1.25,
p = 0.28; condition, F(1, g4 = 9.65, p = 0.002; time X condition, Fs, 94g = 0.12, p = 0.99; (modularity Q) onset, time, F(5, 930)=29.78, p=4.0 X 10~28; condition, Fa,
9309)=11.03,p=9.3 x 10 4 time x condition, Fis, 930 = 3.19, p = 0.007; cessation, time, F(5, 924y=44.90,p=1.5 X 10 41: condition, F1, 924y=4.37, p=0.04; time X
condition, Fs, g24) = 2.94, p = 0.01; random, time, Fs, g4 = 1.45, p = 0.20; genotype, F1, g4) = 2.78, p = 0.10; time X condition, F(s, g4g) = 0.42, p = 0.83, two-way
ANOVA. *p < 0.05 vs. control, Tukey-Kramer test. n = 89 control sessions from seven mice and 71 no-projection sessions from 17 mice.
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Figure 4. Statistically significant correlations and decorrelations within functional cortical networks during behavioral transitions with or

without visual information

(A and B) Significant correlations and decorrelations of functional cortical subnetworks of Emx1G6 mice during locomotion onset in control experiments (A).
Network diagrams of statistically significant FC during each second before and after the locomotion onset are shown from left to right (top). Magenta and blue
lines denote significant correlations (Corr) and decorrelations (Decorr) compared with the random control, respectively. The horizontal bar plots (bottom) indicate
the number of significant FC (rightward, Corr; leftward, Decorr) connected to each cortical area. The cortical areas are sorted along the antero-posterior axis from
top to bottom. The values were averaged across bilateral ROls and further averaged across multiple ROIs if the area contained more than one ROI. The same
convention applies to locomotion cessation (B). Loco, locomotion; M, motor areas; S, somatosensory areas; V, visual areas. p < 0.01, NBS. n = 89 sessions from

seven mice.

(C and D) Significant correlations and decorrelations of functional cortical subnetworks during locomotion onset (C) and cessation (D) in Emx1G6 mice under no

projection of visual landscape. p < 0.01, NBS. n = 71 sessions from 17 mice.
See also Figure S8.

anterior motor cortices and widespread transient correlations
among posterior sensory cortices beginning 1-2 s after cessa-
tion (Figure 4B). It is noteworthy that the number and distribution
of significantly altered FCs exhibited apparent interhemispheric
differences in some maps (e.g., FL at 1 s before and M2 at 1 s
afterlocomotion onset and FL, HL, and TR at 3 s after locomotion
cessation; Figure S8A).

The emergence of dense (de)correlated networks among sen-
sory areas during behavioral transitions suggests that sensory
processing could profoundly affect FC during these periods.
Interestingly, we found that the decorrelated but not correlated
networks markedly diminished in the condition with no projection
of visual landscape (Figure 4C and 4D). Rapid decorrelations be-
tween M2 and V1 at ~1 s after locomotion onset and delayed de-
correlations among posterior sensory areas, including not only
visual but also somatosensory cortices, at ~3 s after locomotion
onset were almost absent (Figure 4C), although decorrelations
between CG and V1 and correlations between bilateral visual
areas at ~1 s after locomotion onset remained. Persistent decor-
relations among posterior sensory areas before cessation and
transient correlations among those areas ~2 s after the cessa-
tion were considerably weakened (Figure 4D). Moreover, the
interhemispheric differences were less evident than the control
condition except for a few areas (e.g., CG at 3 s before onset
and 3 s after cessation and somatosensory, mouth [Mou] at 3 s

after onset; Figure S8B). Collectively, these results demonstrate
that the absence of visual information markedly alters explora-
tion behavior and dynamics of multiple functional subnetworks
primarily involving the visual cortex, such as long-range antero-
posterior FCs between motor and visual cortices and cross-
modal FCs between somatosensory and visual cortices.

Decoding behavioral dynamics using a functional
cortical network

Having found that the transitions between states of rest and
locomotion were each characterized by distinct cortical network
architectures, we tested whether an animal’s behavioral state
can be decoded from its cortical network. To this end, we trained
SVM classifiers using datasets of FC containing all time frames
from four mice (train set) and classified FCs for the remaining
three mice (test set) into two behavioral states. This was
repeated for all combinations of mouse assignments to test
and train sets. Accuracy of the out-of-sample classification
(Test, 88.9%, median, n = 35 classifiers) was comparable with
the level achieved by classification for the train set (Train,
89.0%) and substantially higher than expected due to chance,
as determined by randomly shuffling classification labels (Shuf-
fled, 58.3%; Figure 5A). Incorrect classification mainly occurred
during short periods flanking the state transition, and classifica-
tion accuracy was highest during continuing locomotion and rest
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except for outliers. The dashed line indicates the
chance level defined as an overall average of time
spent in locomotion (58.7%). **p < 0.001 vs. shuf-
fled. Wilcoxon rank-sum test with Bonferroni
correction.

(B) Dynamics of SVM classification of FC during
locomotion onset and cessation. The y axis in-
dicates the classification index (1, classified into
locomotion state; 0, classified into resting state). The
magenta and green bars on the top indicate the
periods during locomotion (Loco) and rest, respec-
tively. The gradation bar from —1 to 1 indicates that
the time window during this period contained FC
from both locomotion and rest periods. Data repre-
sent mean + SEM (n = 35 classifiers).

(C) Importance index of each cortical area. The index
was defined as the number of the appearance of FCs
connected to each area in the top 0.5% and bottom
0.5% features (see STAR Methods for details). The
dashed line indicates a chance level defined as an

211 2 3
Time window

*kk

average of 100-times random sampling of 1% features. (Inset) FCs that appeared frequently in the top 0.5% and bottom 0.5% features (>50% of total 35
classifiers). **p < 0.01 vs. chance level. Wilcoxon rank-sum test with Bonferroni correction. n = 35 classifiers each.
(D) Classification accuracy using the top 0.5% and bottom 0.5% features (Top + Bottom) and randomly selected 1% features (Random). **p < 0.001. Wilcoxon

rank-sum test. n = 35 classifiers each.

periods. However, accuracies remained modest during the inter-
mediate periods in which two contrasting states coexisted (time
window from —1 to 1; Figure 5B). Accordingly, the accuracy of
classification increased to 92.3% (n = 1,326,379 frames from
89 sessions) when the periods of short locomotion episodes
and short rest episodes (less than 3 s) were excluded, whereas
accuracy within the periods of short episodes was 65.0%
(n = 275,621 frames from 89 sessions).

To identify the features that contributed significantly to the clas-
sification, we sorted all FCs according to feature weights and
found that M1, Mou, FL, and HL were significantly over-repre-
sented inthe top 0.5% and bottom 0.5% of FCs (six FCs each) (Fig-
ure 5C). We then retrained the classifiers using these top 0.5% and
bottom 0.5% of FCs and achieved classification accuracies that
were comparable with the classifier trained with all FCs (Top + Bot-
tom, 84.2%; Figure 5D) and significantly better than the classifiers
trained with a randomly selected 1% of all FCs (Random, 71.0%;
Figure 5D). Collectively, these results demonstrate that connectiv-
ity of the primary motor and primary somatosensory forelimb, hin-
dlimb, and mouth areas contains information sufficient for highly
accurate differentiation of locomotion and rest states.

Functional hyperconnectivity and impaired locomotion-
dependent dynamics in the cortex of a mouse model of
ASD

We applied our VR-based imaging system to the investigation of
behavior-dependent cortical network dynamics of ASD model

8 Cell Reports 42, 112258, April 25, 2023

mice. We used Emx1G654 qup Mice that possessed the paternal
duplication of the mouse syntenic region of human 15911-13
and expressed GCaMP6f in excitatory neurons in the cortex.
Emx1G6154 qup Mice showed lower locomotor activity in the vir-
tual arena during 10-min sessions (Figures 6A and 6B). They
spent 25.8% + 17.1% and 59.1% + 21.3% of total time engaged
in long locomotion and rest, respectively (mean + SD; long loco-
motion, p=5.3 x 10~ vs. Emx1G6; long restp=6.9 x 10~ "®vs.
Emx1G6; t test, n = 88 sessions from nine mice; Figure 6C), and
average lengths of long locomotion and rest per episode were
9.0 + 42 s (p = 0.17 vs. Emx1G#6, t test, n = 1,523 episodes
from 88 sessions) and 20.5 + 14.7 s (p = 2.7 x 107° vs.
Emx1G6, t test, n = 1,882 episodes from 88 sessions), respec-
tively. Functional sensory mapping confirmed that locations
and response amplitudes of primary somatosensory subareas
were not markedly different between Emx1G6;5q qup mice and
Emx1G6 mice (Figure S6), although the area responsive to
whisker stimuli was larger in Emx1G654 qup Mice (Figures S6C
and S6D), as reported in our previous study.?®

Although the fluorescence changes at locomotion onset and
cessation in Emx1G615q ayp Mice were generally similar to
those in Emx1G6 mice (Figure 6D, see also Figure 2A), the
magnitude of changes in a few areas, such as PTa (mean +
SD; Emx1G615q gup» —0.10% + 0.21%; Emx1G6, 1.33% =
0.29% at 0 s) and BCm (Emx1G615q qup, —0.15% = 0.20%;
Emx1G6, 0.63% + 0.15% at 0 s), were low (Figure 6D). These dif-
ferences were not likely due to different baseline fluorescence
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Figure 6. Hyperconnectivity and lower modularity of functional cortical networks in Emx1G6;s4 4up Mice during behavioral state transitions
(A) Representative trajectory (left) and locomotion behavior (right) for Emx1G6 mice and Emx1G67s4 qup Mice. Locomotion speed and periods of locomotion
(Loco) and rest of each genotype are shown from top to bottom in the right panel.

(B) Locomotor activity of Emx1G6 mice and Emx1G6;54 e Mice during 10-min sessions. Data represent mean + SEM; p value by t test. n = 89 sessions from
seven Emx1G6 mice and 88 sessions from nine Emx1G6s4 qup Mice.

(C) Percentages of time spent for each type of episode in Emx1G6 mice and Emx1G6;54 qup Mice. Data represent averages across all sessions.

(D) Cortical activity of Emx1G6154 qup mice during the behavioral transitions. The convention of the figure is the same as in Figure 2A.

(E) Dynamics of correlations between activities of ROI pairs during the transitions in Emx1G6s4 4. Mice. FC graphs (> 0.8) were generated using the data shown
in (D). The convention of the figure is the same as in Figure 2B.

(F and G) Changes in node degree (F) and betweenness centrality (G) during the transitions in each ROI of Emx1G65¢ ¢ Mice.

(legend continued on next page)

Cell Reports 42, 112258, April 25, 2023 9



¢ CellPress

OPEN ACCESS

levels in Emx1G6754 qup Mice, as average fluorescence inten-
sities of each cortical area were only slightly higher in these
mice (Figure S6E). The overall patterns of FC networks in
Emx1G6155 qup Mice were also similar to those in Emx1G6
mice (Figure 6E, see also Figure 2B). However, the strength of
FC appeared higher in Emx1G675q qup Mice, particularly FCs
connecting ROIs in anterolateral motor cortices (i.e., M1 and
M2) and FCs bridging anterior and posterior cortex (e.g., M1,
PT, and RS) during locomotion (Figure 6E), as supported by
generally larger node degrees compared with Emx1G6 mice
(Figures 6F and 6H). In Emx1G6;54 4up Mice, betweenness cen-
trality, CPL, and modularity Q were significantly lower than in
Emx1G6 mice during locomotion (Figures 61-6K), suggesting
that cortical hyperconnectivity results in a less modularized,
more interconnected network in behaving Emx1G615q aup
mice. Given the baseline hyperconnectivity in Emx1G655 qup
mice, surprisingly fewer locomotion-dependent decorrelations
were detected, particularly in the posterior cortex (Figure S7).
These findings collectively demonstrate that functional cortical
networks in Emx1G6s54 qup Mice exhibit hyperconnectivity and
enhanced interconnectivity, but a locomotion-related reconfigu-
ration of network architecture is dampened compared with
Emx1G6 mice.

Diagnosis of ASD model mice using temporal FC during
behavioral transitions

Compared with Emx1G6 mice, we found that Emx1G615q qup
mice were characterized by significant hyperconnectivity of M2
and M1 areas during the transitions, most notably 1 s after onset
and 2 s after cessation of movement (Figures 7A and 7B). The
connections of M2 were right hemisphere dominant, while those
of M1 appeared left hemisphere dominant (Figure S8D). Bilateral
connections of somatosensory nodes (especially HL and TR)
were significantly decorrelated compared with Emx1G6 mice
regardless of behavioral state (Figures 7A and 7B). In addition,
FCs between right PT and left M1, M2, FL, and HL showed de-
correlation during locomotion, most evidently before cessation
(Figures 7B and S8D).

To identify FC features that most distinguished Emx1G6;54 qup
mice from Emx1G6 mice, we conducted SVM classification of FC
during locomotion onset and cessation into the two genotypes.
The SVM classifiers trained with all features (All FCs) at each
time point during behavior transitions accurately classified the
Emx1G6;5q qup and Emx1G6 genotypes (Figures 7C-7F). As
with behavior state classification, the SVM classifiers trained
with top 0.5% and bottom 0.5% features (Top + Bottom) per-

Cell Reports

formed comparably with the classifiers trained with all FCs, and
significantly more accurately classified FC than the classifiers
trained with randomly selected 1% features (Random) at all time
points (Figures 7C and 7D). FCs including M2 and M1 were signif-
icantly over-represented in the top 0.5% and bottom 0.5% of fea-
tures (Figures 7E and 7F), pointing to these cortical areas as key
nodes that primarily contribute to deficits of cortical processing
during spontaneous behavioral switching of Emx1G65¢ gyp Mice.

Finally, we tested the importance of the behavior transition pe-
riods for genotype classification. The accuracies of classifiers
trained with data from the locomotion that occurred within the
transition periods (median accuracy, After-On, 100%; Before-
Ces, 100%; Figure 7G) were significantly higher than those
trained with data from continuous locomotion outside the transi-
tion (Out, 56.3%; Figure 7G). Similarly, classifiers trained with da-
tasets from the rest that occurred within the transition periods
more accurately classified FC into the correct genotype than
classifiers trained with the data from continuous rest periods
outside the transition (Before-On, 92.9%; After-Ces, 100%;
Out, 84.5%; Figure 7H). In summary, these results demonstrate
that the distinguishability of FC is greater during transition
periods than during continuous locomotion and rest.

DISCUSSION

In this study, we investigated locomotion-induced changes in
rapid cortico-cortical FC on the timescale of seconds by taking
advantage of an integrated platform for mesoscopic Ca?* imag-
ing and VR that allows mice to run spontaneously with sensory
feedback. Neural activity signals obtained using fluorescent
Ca?* indicator proteins are faster and typically more spatially
resolved than BOLD signals. FC measured using fMRI and
mesoscopic functional imaging is shown to overlap mainly with
underlying structural connectivity>*>° and reflect the correlation
of modulation of neuronal spiking and local field potential (LFP)
power between brain regions.?”?? Our correlation-based FC
analysis thus highlighted communication and interaction be-
tween cortical areas based on the level of local activity.

Cortical FC dynamics during behavioral transitions with
and without visual information

The locomotion-dependent cortical functional network changes
revealed in this study align with previous observations.?”-%%">*
Recent imaging studies demonstrate that M2, which has dense
reciprocal anatomic connections with sensory, parietal, and ret-
rosplenial cortices,* orchestrates widespread cortical activity

(H and I) Mean node degree (H) and mean betweenness centrality (l) during the transitions. Data across all ROls were averaged. ***p < 0.001, t test, n = 89 sessions

from seven Emx1G6 mice and 88 sessions from nine Emx1G654 qup Mice.

(J and K) Change in CPL (J) and modularity Q (K) during the transitions in Emx1G654 4., mice. The data for Emx1G6 mice presented in Figure 2 are again shown in
black for comparison. Data represent mean + SEM. (CPL) Onset, time, Fs, 1014y = 10.35, p=1.1 X 10 S genotype, F1, 1014 =19.09, p=1.4 x 10 5: time x
genotype, Fs, 1014 = 2.30, p = 0.04; cessation, time, F5 1026y = 19.60,p=1.1 X 10778, genotype, F(1, 1026)=47.70,p = 8.7 X 1072 time x genotype, Fs, 1026) =
3.37, p = 0.005; random, time, Fs, 1050 = 1.28, p = 0.27; genotype, F(1, 1050) = 16.18, p = 6.2 X 1075; time x genotype, Fs, 1050 = 0.49, p = 0.78; (modularity Q)
onset, time, F5 1014y = 25.25, p = 4.7 X 10724 genotype, F1, 1014) = 6.73, p = 0.01; time X genotype, F5 1014 = 3.53, p = 0.004; cessation, time, Fs, 102¢) = 38.98,
p = 1.0 x 107%%; genotype, Fi1, 1026 = 53.33, p = 5.6 X 107 '3; time x genotype, Fs, 1026 = 5.49, p = 5.4 x 107°; random, time, F(s_ 10s0) = 0.82, p = 0.54; genotype,
F4, 1050) = 10.23, p = 0.001; time X genotype, Fs, 1050 = 0.52, p = 0.76, two-way ANOVA. *p < 0.01, **p < 0.001 vs. Emx1G6, Tukey-Kramer test. n = 89 sessions

from seven Emx1G6 mice and 88 sessions from nine Emx1G67sq qup Mice.
See also Figures S6-S8.
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Figure 7. Importance of motor areas and behavioral transitions in distinguishing cortical FC between Emx1G654 qup and Emx1G6 mice

(A and B) Statistically significant FC of Emx1G6;54 4up Mice during locomotion onset (A) and cessation (B) compared with Emx1G6 mice. The convention of the
figure is the same as in Figure 4A. p < 0.05, NBS. n = 89 sessions from seven Emx1G6 mice and 88 sessions from nine Emx1G654 qup Mice.

(C and D) Accuracy of SVM classification of FC into two genotypes during locomotion onset (C) and cessation (D). Classifiers were trained with all 1,225 features
(all FCs), top 0.5% and bottom 0.5% features (Top+Bottom), or randomly chosen 1% features (Random) at each time point. Only the periods of behavior
transitions were considered in this classification. The boxes represent the 25th, 50th, and 75th percentiles, and the whiskers represent the range except for
outliers. ***p < 0.0001 vs. Random, Wilcoxon rank-sum test with Bonferroni correction. n = 63 classifiers each.

(E and F) The importance index of each cortical area in the SVM classification of FC during locomotion onset (E) and cessation (F) was averaged across all relevant
time points. Data represent mean + SEM (n = 6 time points). The dashed line indicates a chance level defined as an average of 100-times random sampling of 1%
features. (Inset) FCs that appeared frequently in the top 0.5% and bottom 0.5% features (>50% of total six time points, each of which was an average of 63
classifiers). *p < 0.05, **p < 0.01 vs. chance level, Wilcoxon rank-sum test with Bonferroni correction.

(G and H) Accuracy of SVM genotype classifiers trained with FC during locomotion (G) and rest (H) with or without transitions. The periods of locomotion were
subdivided into those that occurred immediately after locomotion onset (After-On), immediately before locomotion cessation (Before-Ces), and any locomotion
periods excluding SL that were outside these two types of periods (Out). Similarly, the periods of rest were subdivided into those that occurred immediately before
locomotion onset (Before-On), immediately after locomotion cessation (After-Ces), and any rest periods excluding SR that were outside these two types of
periods (Out). **p < 0.01, ***p < 0.001 vs. Out, Wilcoxon rank-sum test with Bonferroni correction. n = 63 classifiers each.

See also Figure S8.
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during motor learning and decision-making tasks.>°*® In our
study, in line with the view that M2 acts to link antecedent con-
ditions such as sensory information to motor actions,*® M2
showed a transient elevation of significant correlation with multi-
ple sensory areas at 1-2 s ahead of locomotion onset, regardless
of the presence or absence of visual information (Figures 4A and
4C). Recently, a study that investigated cortical FC dynamics
during locomotion also highlighted the importance of M2.%
However, the role of sensory information for FC in this node
had not been directly examined. Here, we found that FC between
M2 and sensory cortices, including primary somatosensory cor-
tex (S1) and primary visual cortex (V1), was decorrelated at 1 s
after locomotion onset and demonstrated that this decorrelation
completely disappeared when visual information was not avail-
able (Figures 4A and 4C). Although the elucidation of the under-
lying neural mechanisms requires further investigation, this may
be relevant to the reported findings that locomotion with visual
feedback drives V1 more strongly than without feedback and
that direct top-down input from M2 to V1 sends motor-related
signals for visual flow predictions.®"

The FC associated with S1 significantly contributed to the SVM
classification of locomotion and rest (Figure 5C). Remarkably, a
dense correlated network among nodes of sensory areas,
including S1, exhibited widespread and gradual augmentation
over a period of 2 s before locomotion onset, but this character-
istic functional subnetwork was no longer evident once locomo-
tion started (Figure 4A). This preparatory emergence of a
correlated network is reminiscent of the synchronous oscillations
observed in S1 during premovement attentive immobility®”*® and
might also be relevant to the recent finding that S1 neuronal ac-
tivity is highly correlated with the onset of movement.®® Our anal-
ysis of fast FC dynamics was thus able to capture a global picture
of distributed transient functional subnetworks that may play a
role in the preparation and initiation of voluntary movement.

Cortical FC abnormalities in 15q dup mice

Our FC analysis of a mouse model of ASD uncovered previously
unknown impairment of cortical circuit function such as wide-
spread hyperconnectivity, less modularized network during
locomotion, and FC patterns involving M2 and M1 as the most
distinctive signature for 15 dup mice.

It has been reported that individuals with ASD exhibit motor
coordination deficits and impairment of movement planning in
goal-directed locomotion.'®'? Although various factors could
influence the locomotor activity of mice, reduced time spent
for long locomotion in Emx1G6154 gy Mice might result from
impaired motor planning and execution due to abnormal M2-
related FC. While human Dup15q syndrome shows a gait pattern
of the slow pace, poor postural control, and large gait vari-
ability,”° and patients with paternal duplication in 15q11-13
display clumsy motor skill development,*’ 15q dup mice were
also reported to display mild motor impairment such as longer
stride length and reduced stride frequency, and deficits in motor
learning and cerebellar synaptic plas’(icity.42 Since recent
studies demonstrate that cerebellar output modulates prepara-
tory activity in the anterolateral motor cortex,**** the abnormal
M2-related FC we observed during behavior state transitions
may also arise as a consequence of deficiency of a more
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widespread functional network, potentially including interactions
with extracortical brain regions.

Compared with Emx1G6 mice, Emx1G6;54 gup Mice show sig-
nificant decorrelation of FC that links M2, CG, S1, and PT during
locomotion (Figures 7A and 7B). This subnetwork is reminiscent
of the human lateral frontoparietal network (L-FPN), which con-
sists of the rostral and dorsolateral prefrontal cortex and the infe-
rior parietal cortex and participates in executive functions such
as goal-directed cognition and task switching.”® In task-based
fMRI studies, atypical activation of L-FPN is observed during
cognitive flexibility tasks in ASD brains.*® Thus, it would be of in-
terest in the future to investigate whether abnormal interaction
between nodes of a mouse L-FPN equivalent in 75 dup mice is
implicated in impaired behavioral flexibility observed in reversed
learning tests of the Morris water maze and Barnes maze.'®

Future outlook

Our machine learning classification results demonstrate that infor-
mation regarding an animal’s ongoing behavioral state is repre-
sented inthe fast dynamics of global cortical FC patterns (Figure 5).
Identification of brain activity-based ASD biomarkers and machine
learning-assisted diagnosis of ASD using neuroimaging data are
fields of active investigation.®**” While recent human fMRI studies
have begun to explore the use of dynamic resting-state FC toiden-
tify atypical brain network activity unique to ASD,*®*" our results
highlight the importance of examining behavioral transitions rather
than simply looking at the resting state (Figures 7C-7H). Exploring
additional mouse models will accumulate more evidence to iden-
tify common FC changes beyond the heterogeneity of ASD.*®
Furthermore, in future studies, it is of great interest to investigate
whether the observed FC abnormalities can be reversed by phar-
macologic treatment during postnatal development or adulthood
of ASD model mice. Particularly, since postnatal chronic selective
serotonin reuptake inhibitor (SSRI) treatment restores cortical
excitatory-inhibitory balance and sensory tuning impaired in 15
dup mice,° serotonergic interventions may also correct abnormal
cortical FCs and the relevant behaviors.

Thus, our system to examine locomotion-dependent rapid FC
changes based on mesoscopic cortex-wide Ca®* imaging and
VR offers a new translational approach toward developing pre-
cise diagnostic tools and effective treatment for various brain
disorders. A fascinating future possibility would be to create a
multimodal “metaverse” in which mice interact with other con-
specifics via their avatars to understand cortical FC dynamics
during virtual social interaction.*

Limitations of the study

Unlike awake fMRI,® our mesoscopic Ca®* imaging only visual-
ized the activity of the dorsal cortex, and the FC that involved
the ventral cortex and other subcortical areas could not be
examined in this study. In addition, neural activity signals we
monitored likely came from layer 1 and layer 2/3, which con-
tained cell bodies and dendrites of local pyramidal neurons
and superficial axons innervating them, although the signals as
a whole most likely reflect local cortical activity.>* Improved
and newly emerging technologies will help advance future
studies toward a more precise and comprehensive illustration
of fast FC dynamics across the whole brain.%>’
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit anti-GFP antibody Thermo Fisher Scientific Cat# A-11122; RRID:AB_221569
Mouse anti-GADG67 antibody Millipore Cat# MAB5406; RRID:AB_2278725
Alexa 488-labeled goat Thermo Fisher Scientific Cat# A-11034; RRID:AB_2576217
anti-rabbit IgG antibody

Alexa 568-labeled goat Thermo Fisher Scientific Cat# A-11019; RRID:AB_143162

anti-mouse IgG antibody

Experimental models: Organisms/strains

Mouse: C57BL6/J Japan SLC C57BL/6JJmsSIc
Mouse: Emx1-cre: RIKEN BioResource Center RRID:IMSR_RBRCO01345
B6.129P2-Emx 1™ 1€t joRpre

Mouse: Ai95D: The Jackson Laboratories RRID:IMSR_JAX:024105
B6;129S-Gt(ROSA)26Sormos-1(CAG-GCaMPeiHze,

Mouse: 15q dup: RIKEN BioResource Center RRID:IMSR_RBRC05954

B6.129S7-Dp(7Herc2-Mkrn3)1Taku

Software and algorithms

MATLAB MathWorks https://www.mathworks.com/
Imaged NIH https://imagej.net/jj

LabVIEW National Instruments https://www.ni.com

Brain Connectivity Toolbox Rubinov M. and Sporns 0.2 https://sites.google.com/site/bctnet/
Network Based Statistics Zalesky et al.>® https://www.nitrc.org/projects/nbs/
OmegaSpace Solidray https://www.solidray.co.jp/

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Toru
Takumi (takumit@med.kobe-u.ac.jp).

Materials availability
This study did not generate new unique reagents.

Data and code availability

All data reported in this paper will be shared by the lead contact upon request.

This paper does not report original code.

Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Mice

The following Cre driver, reporter, and ASD model mouse lines were used for breeding; Emx1-cre (B6.129P2-Emx
ltoRbrc, RBRC01345, RIKEN Bioresource Center?), Ai95D (B6;129S-Gt(ROSA)26Sor ™% 1(CAG-GCaMPeiHze ) | |AX024105, Jackson
Laboratories), 15q dup (B6.129S7-Dp(7Herc2-Mkrn3)1Taku, RBRC05954, RIKEN Bioresource Center'®). Twenty-three Emx1G6
mice, nine Emx1G6s54 qup Mice, and three C57BL/6J (non-G6) mice (all male at 12-20 weeks old) were used for experiments.
Although some genotypes of transgenic mice that express GCaMP6 reportedly exhibit cortical epileptiform fluorescence events
(most often seen in Ai93 line),>® we did not observe such aberrant activity in our combination of Emx1-cre mice and Ai95D mice.
For experiments, Emx1G6 mice were obtained by crossing Emx1-cre mice with Ai95D mice. Emx1G654 4y Mice were obtained
by crossing male mice double-positive for Emx1-Cre and 75g dup and female mice positive for Ai95D. All mice were maintained

1 tm1 .1(cre)|t0/
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in a reverse 12 h dark/light cycle (light off at 8 a.m.), and experiments were conducted during the dark phase. Food and water were
available ad libitum. All procedures were carried out following the institutional guidelines and protocols approved by the Institutional
Animal Care and Use Committees of RIKEN and Kobe University.

METHOD DETAILS

Surgery

During surgery, mice were anesthetized under 1.5-2.0% isoflurane in air, and the body temperature was kept at 37°C using a heating
pad. The scalp was cut off, and the surface of the skull was cleaned using a cotton swab. The skull surface was then covered with a
thin layer of transparent resin (Super-Bond C&B, Sun Medical, Japan), followed by the placement of a coverslip (0.17 mm thickness,
Matsunami, Japan) onto the resin layer.>* A custom-made metal head plate with a polygonal imaging window (size of opening, 13 mm
long and 10 mm wide, Narishige, Japan) was affixed to the edge of the coverslip with dental cement so that the entire dorsal cortex
was clearly visible transcranially through the window (Figures 1C and 1G). The mice were allowed to fully recover from anesthesiain a
warmed chamber and then returned to their home cages.

VR environment

A head-fixed mouse under microscopy was set on an air-floated spherical treadmill’®'” (Figures 1A and 1B). The treadmill was
composed of a 20-cm polystyrene foam ball and a hemispherical stainless steel bowl with an internal diameter that fitted with the
ball. The bowl had eight holes for pressured air at the bottom. The head of the mouse was fixed to a rigid head mount bar and posts
viathe head plate and positioned ~1 cm above the top of the ball. The movement of mice was detected as rotations of the treadmill by
two USB optical motion detectors (Gaming Mouse G302, Logicool) which were positioned orthogonal to each other on the equator of
the treadmill. The movement signals from the motion detectors were transformed into analog output voltages using a custom-written
LabVIEW program (National Instruments) to control the mouse’s virtual position via a joystick controller (USB Joystick Interface,
909991, APEM) connected to the VR software (OmegaSpace ver 3.7, Solidray). An interactive VR landscape rendered from a
first-person perspective was projected by two compact liquid crystal display (LCD) projectors (M110, Dell) onto the back of a
custom-made 40 cm-diameter translucent acrylic semi-domal screen that was positioned 20 cm in front of the mouse and covered
240° of the mouse’s visual field.

The VR landscape mimicked a realistic open-field enclosure and consisted of a two-dimensional square arena with different
colored walls. When the mice hit the wall in the arena, they adhered to it visually, but no physical barrier prevented them from
continuing their locomotion. They were therefore allowed to move until they spontaneously changed direction. Experiments without
projection of VR landscape were conducted (5 sessions after final sessions in the normal condition) by turning off the LCD projectors
(Figure 3).

Behavioral testing and mesoscopic cortical-wide Ca®* imaging

Mice underwent three pre-training steps to acclimate to the test environment. In the first step, which began 3-5 days before surgery,
mice were daily allowed to move freely on the top of the polystyrene foam ball that was rotated manually by an experimenter for
10 min and then handled by the experimenter under room light for another 10 min. The second step started as early as a day after
surgery. In this step, mice were acclimated daily to head-fixation in the VR set-up for 3-5 days until they were able to sit and move on
the treadmill in a balanced manner for 0.5-1 h under dim light (approximately 20 lux). In the final step, mice were acclimated to a
complete VR environment and allowed to explore the virtual arena for 10 min daily for 5-10 days until they could move along the
wall of the arena and turn the corner without difficulty.

After completing these pre-training processes, spontaneous locomotion within the virtual arena and cortical activity were recorded
in a 10-min test session daily for a total of 15 sessions. The cortex was illuminated transcranially by a mercury lamp (U-HGLGPS,
Olympus) through 460-480 nm (MGFPHQ, Olympus) or 457-487 nm (GFP-3035D, Semrock) excitation filters. Green fluorescence
images were acquired using a CMOS camera (ORCA-Flash 4.0 v2, Hamamatsu) mounted on a HyperScope upright microscope (Sci-
entifica) through a 2 x objective lens (Plan Apo A, NA: 0.10, Nikon) and 495-540 nm (Olympus) or 502.5-537.5 nm (Semrock) emission
filters. Images of 512 x 512 pixels (14.8 um x 14.8 um/pixel; field of view, 7.5 mm X 7.5 mm) were collected at a rate of 30 frames per
second while the head-fixed mouse freely explored the virtual arena. The mouse’s locomotion speed and coordinates were recorded
at a sampling rate of 60 Hz using custom LabVIEW software. The rising edge of the TTL (Transistor-transistor-logic) signals that the
camera generated at the acquisition of each frame were detected and recorded simultaneously with the behavioral data for synchro-
nization with the imaging data.

Histology

Mice were deeply anesthetized with isoflurane and perfused transcardially with phosphate-buffered saline (PBS), followed by 4%
paraformaldehyde (PFA) in PBS. Brains were removed and further fixed in 4% PFA in PBS at 4°C overnight. Frozen parasagittal sec-
tions were cut on a cryostat to a thickness of 30 um. The sections were incubated at 4°C overnight with rabbit anti-GFP antibody
(1:1000, A-11122, Thermo Fisher Scientific) and mouse anti-GAD67 antibody (1:1000, MAB5406, Millipore) diluted in PBS containing
5% normal goat serum and 0.3% Triton X-100, followed by Alexa Fluor 488- or Alexa 568-labeled goat anti-rabbit or anti-mouse IgG
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antibody (1:500, A-11034 or A-11019, Thermo Fisher Scientific) diluted in the same buffer at room temperature for 1 h. Cell nuclei
were counterstained using VectaShield Mounting Medium with DAPI (Vector Laboratories). Fluorescence images were acquired us-
ing a Keyence BZ-9000 epifluorescence microscope equipped with a 4x or 40x objective.

QUANTIFICATION AND STATISTICAL ANALYSIS

ROI selection

Atotal of 50 ROIs were defined bilaterally (25 ROls for each hemisphere) so that they covered all the cortical subregions designated in
a dorsal cortical map®®°® (Figure 1G). During our preliminary analysis, we visually inspected sample fluorescence movies of spon-
taneous cortical activity from three mice and selected several tens of ROl candidates that appeared brighter or darker than their sur-
rounding regions. We then carefully examined and modified them so that the entire ROI set accords well with known cortical parcel-
lations provided by annotated brain atlases.**° The resultant ROl map was registered with fluorescence images of the dorsal cortex
by manual translation and rotation so that Bregma and the midline of the ROl map and fluorescence images were in register. Each ROI
was defined as a square of 5 x 5 pixels (within 128 x 128 pixel images) to avoid potential signal contamination across areal borders.
In some cases, multiple ROIs assigned to relatively large cortical areas (e.g., primary somatosensory cortex, visual cortex, etc.) were
arranged so that each corresponded to anatomical/functional subdivisions designated in the brain atlases.

The validity of our ROI positions for the primary somatosensory and primary visual cortices was confirmed by mapping sensory
responses (Figure S1A). An air-puff (20 psi, 200 ms duration, PLI-10, Warner Instruments) to the right whiskers, forelimb, hindlimb,
or the right side of the trunk and a flash of a yellow LED (0.2 Hz, 5 ms duration, Spectralynx, Neuralynx) to the right eye were given to
mice anesthetized with 1.0-1.2% isoflurane as tactile and visual stimuli, respectively, and the areas that displayed the largest average
fluorescence changes calculated from 25 to 30 responses were compared to the corresponding ROIs. The validity of ROI positions
for motor areas was confirmed by constructing a pixel-based correlation map between fluorescence changes of the pixel and
locomotor activity (Figures S1B and S1C). The consistency of ROI registration processes within and across genotypes was validated
by consistent positions of multiple ROlIs that corresponded to the primary somatosensory subareas (n = 9-11 Emx1G6 mice and 4-5
Emx1G6754 qup Mice; Figure S6).

Data analysis

For locomotion analysis, the locomotion speed recorded at 60 Hz was downsampled to 30 Hz to match the timing of image acqui-
sition. Periods of locomotion were defined as those during which the locomotion speed exceeded 0.5 cm/s, and the other periods
were defined as those of rest. Episodes of locomotion and rest equal to or longer than 3 s were labeled as “long locomotion” and
“long rest,” respectively. The remaining episodes were categorized as “short locomotion” and “short rest.” The threshold of 3 s
was close to the average lengths of all locomotion and rest episodes (locomotion, 3.7 + 7.3 s; rest, 2.6 + 6.4 s; mean + SD,
n = 89 sessions) and was chosen to obtain a sufficient number of transition events per session (locomotion onset, 6.4 + 3.9
events/session; locomotion cessation, 7.3 + 4.7 events/session; mean + SD, n = 89 sessions) while excluding periods of frequent
alterations of the behavioral state that were too short to be used for the subsequent analysis of functional connectivity (FC) (Figure 1E).
The exclusion of these periods did not likely affect the comparisons between Emx1G6 mice and Emx1G654 aup Mice, as stereotypy
measured in an open-field test,”” and the percentages of time spent on short locomotion and short rest were comparable between
these genotypes (Figure 6C).

Raw fluorescence movies were spatially binned to 128 x 128 pixels and registered manually using ImageJ (NIH) so that the cortical
image was aligned to a representative overhead view of the dorsal cortex.’® Subsequent analyses were conducted using custom
software written in MATLAB (Mathworks). Fluorescent intensities of the pixels within an ROl were averaged to represent the signal
of the ROI, denoted F, and this value was divided by the baseline signal value FO, which was calculated as an average of F across all
frames, to obtain normalized fluorescence changes dF/F = (F-FO0)/FO.

The extent of fluorescence signals derived from intrinsic sources (flavin fluorescence and hemodynamics was estimated via
the following two control experiments: imaging non-GCaMP6-expressing C57BL/6 (non-G6) mice (Figure S2) and correction of he-
modynamic signals using two-wavelength imaging (Figure S5). In the former approach, basal fluorescence images of the dorsal
cortical surface were acquired from non-G6 mice in order to estimate a potential upper bound of signal contamination. The average
baseline signal intensity of non-G6 mice across three representative ROls (M2a, HLp, and V1a) was 41.1 + 0.9% of that in Emx1G6
mice (Figure S2B, mean + SEM, n =7 Emx1G6 mice and 3 non-G6 mice). Furthermore, the average fluorescence changes of non-G6
mice across all hemispheric ROIls after locomotion onset was 19.4 + 2.2% of Emx1G6 mice (mean + SEM, Figures S2C and S2D).
These results imply that intrinsic fluorescence signals are much weaker and less dynamic than GCaMP fluorescence and that
they constitute at most ~8% of signal changes observed in Emx1G6 mice. These observations are consistent with other recent
studies®" % that were conducted without compensation of endogenous signals.

In the latter approach, we imaged Ca®*-dependent and -independent fluorescence signals at 470 and 405 nm wavelengths, respec-
tively, in a separate cohort of Emx1G6 mice (n = 6), by following the previously described procedure.®® Images of fluorescence excited at
470 and 405 nm were captured alternately at an overall frame rate of 40 frames per second (20 frames per second for each wavelength)
using two LED drivers (470 nm, SOLIS-470C and DC20; 405 nm, M405L4 and LEDD1B, Thorlabs) controlled by custom LabVIEW soft-
ware. A hemodynamic correction was conducted by subtracting dF/F405 nm from dF/F470 nm, Where dF/F405 nm and dF/F479 nm are
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normalized fluorescence changes for signals obtained at 405 and 470 nm, respectively®® (Figure S5A). The results demonstrate that
although correlation coefficients between ROIs appeared slightly higher and thus resulted in identifying a larger number of highly corre-
lated FCs (Figure S5B, see also Figure 2B), overall patterns of the network properties (node degree, betweenness centrality, CPL, and
modularity Q, see below for details of these parameters) were qualitatively similar to those obtained without hemodynamic correction®
(Figures S5C-S5F, see also Figure 2C-2F).

In this study, we focused on analyses of the dynamics of functional cortical networks during transitions between locomotion and
rest. In the analysis of FC, we considered only transitions from long rest to long locomotion (locomotion onset) and those from long
locomotion to long rest (locomotion cessation) (Figures 2, 3, and 6). This transition period also ensured that the comparison between
Emx1G6 mice and Emx1G6;54 qup Mice was based on the data from time periods with identical motor features. As a control, we
randomly selected reference time points regardless of the behavioral state as many times as an average number of locomotion onset
and locomotion cessation (random control). Sessions with at least two onset or two cessation events were included for analysis, and
average fluorescence changes across all onset, cessation, or random events were calculated to obtain values representative of each
session. The numbers of each type of transitions (onset, cessation, and random, respectively) analyzed are as follows: Emx1G6, 566,
643, and 659 events, n = 89 sessions from 7 mice; no projection, 378, 447, and 451 events, n = 71 sessions from 17 mice; hemody-
namics correction, 651, 612, and 656 events, n = 71 sessions from 6 mice; Emx1G654 qup, 268, 294, and 331 events, n = 88 sessions
from 9 mice; Non-G6, 513, 621 and 590 events, n = 41 sessions from 3 mice.

To analyze FC between ROls, we created correlation matrices representing the correlation between the cortical activity of all ROI
pairs. We extracted 6-s segments of dF/F that spanned —3 s to +3 s around the event of interest (i.e., onset, cessation, or random).
Each of the 6-s segments was further divided into 6 non-overlapping 1-s subsegments, and FC was calculated as pairwise Pearson
correlation coefficients between dF/F during these 1-s subsegments. The 1-s time window was chosen to investigate rapid and dy-
namic changes of FC associated with behavior. In our initial analysis, we calculated correlations between ROI pairs using different
time windows ranging from 0.33 s (10 frames) to 2 s (60 frames). This analysis revealed a tendency that the median correlation co-
efficients for all ROI pairs increases as the time window becomes longer. We selected the time window of 1 s as optimal because it
was about in the middle of the linear range of the time window-correlation coefficients relationship (0.33 s, 0.681 + 0.020; 0.67s,
0.689 + 0.029; 1 s, 0.701 + 0.034; 1.33 s, 0.725 + 0.047; 1.67 s, 0.737 + 0.040; 2 s, 0.744 + 0.037; mean + SD, n = 6 data points
that correspond to the time windows —3, —2, —1, 1, 2, 3 in Figure 2B) and thus considered to be most sensitive to the changes in
both positive and negative directions. The selection of the 1-s time window also accorded with the recent notion that spontaneous
behavior and ongoing brain activity are related to each other at a timescale of about 1 s.°° The correlation matrices obtained were
averaged within a session and visualized as functional connectivity graphs of binarized networks using available MATLAB codes,“® in
which the positions of ROIs were arranged according to their anatomical positions, and lines and symbol sizes represented highly
correlated FC (r > 0.8) and the number of such connections associated with the ROI, respectively. The threshold for binarization
(r > 0.8) selected the top 26.7 + 10.1% of the most prominent connections out of all 1,225 connections between 50 ROls (mean +
SD, n = 1,602 subsegments from 89 sessions times 3 conditions; average correlation coefficient, onset, 0.68 + 0.03; cessation,
0.68 + 0.01; random, 0.68 + 0.01; mean + SD, n = 534 subsegments from 89 sessions). Node degree, betweenness centrality, char-
acteristic path length (CPL), and modularity Q were calculated using the Brain Connectivity Toolbox.?' Node degree and between-
ness centrality represent the number of functional connections associated with each cortical ROl and the extent to which the ROl falls
on the shortest paths between any other pairs of ROls in the network, respectively. CPL represents the average shortest path length
between all ROI pairs in the network. Modularity Q represents an index of optimized modules that maximize the number of within-
module edges and minimize the number of between-module edges.

Support vector machine classification
Support vector machine (SVM) classification was performed using the Statistics and Machine Learning Toolbox in MATLAB. For
behavior state classification, we used the “fitclinear” function to train a linear classification model with high-dimensional predictor
data. The SVM was regularized by the lasso method to reduce model complexity and prevent overfitting. The FC datasets included
17,970-time point data that spanned the entire 10-min sessions. Each time point data contained 1,225 FCs from 50 ROls as features.
In the classification presented in Figure 5A, the FCs were calculated using a 1-frame sliding window of 30-frame size without
excluding short locomotion and short rest periods. The corresponding behavioral data were binary vectors in which rest and loco-
motion were labeled as 0 and 1, respectively. Data that contained at least two episodes of long locomotion or long rest within a ses-
sion were used. All relevant data (11-15 sessions per mouse) from each mouse were concatenated to be used for training and testing.
An SVM classifier was trained using datasets from four of all seven mice (train set), and binary classification was conducted on each
time point of the FC data from the remaining three mice (test set). All 35 combinations arising from seven mice (;C4) were tested.
Accuracy was calculated as a percentage of time points that were classified to the right behavioral state. The chance level was
defined as the overall average percentage of short and long locomotion periods (58%) since SVM tends to classify data into the
more frequent category. In control, the datasets used for training were also used for testing (“train” control). In shuffled control, el-
ements of behavioral state vectors were randomly shuffled and used for training and testing.

To identify features that contributed to the classification, we sorted features of the trained classifiers by their weights that repre-
sented coefficients of normal vector on the hyperplane. We then counted the appearance of features that included each ROI in the top
0.5% and bottom 0.5% distributions (6 features each, 12 total) as an importance index for the ROI. When cortical areas of interest
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contained multiple ROls, this index was normalized by their number. The chance level was defined as an average of 100 times
random sampling. We then newly trained SVM classifiers using these top 0.5% and bottom 0.5% features and classified the test
datasets to confirm that the selected features contribute to the classification. As a control, we tested classifiers trained with the
same number of randomly selected features. This was repeated 100 times, and the results were averaged.

For genotype classification, we used the “fitcsvm” function in MATLAB, which trains and cross-validates an SVM model to solve
problems with low-dimensional predictors. The 1,225 correlation coefficients were averaged throughout a session at each time point
within relevant behavioral states or transitions. The data were then concatenated together for all relevant sessions, and the correla-
tion coefficients were normalized into z-scores. We then cross-validated the classifiers using the leave-one-subject-out method, in
which a pair of datasets from a mouse per each genotype were excluded from training and used for testing. In training, the classifiers
were subjected to 10-fold cross-validation. All 63 combinations were tested from nine Emx1G654 4o Mice and seven Emx1G6 mice.

Statistics

To statistically test functional network connectivity, we used Network Based Statistic (NBS) Toolbox in MATLAB.?®> NBS nonpara-
metrically calculates familywise error rate-corrected p-values with 5,000 times permutation testing. Inter-areal activity in test condi-
tions was considered significantly correlated or decorrelated if the correlation coefficient during the behavioral transitions was higher
or lower than random control with p < 0.01. In comparison between Emx1G6 mice and Emx1G6s54 qup Mice, the differences were
considered significant when p < 0.05. Other statistical tests were performed using MATLAB or R. For two-group comparisons,
Welch’s t test was used when normal distributions were assumed. Otherwise, Wilcoxon rank-sum test was used. For comparisons
between more than two groups, Wilcoxon rank-sum test with Bonferroni correction, one-way ANOVA and two-way ANOVA with
Tukey-Kramer test were used.
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