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Abstract

Striatal fast-spiking interneurons (FSIs) potently inhibit the output neurons of the striatum and, as such, powerfully modulate
action learning. Through electrical synaptic coupling, FSIs are theorized to temporally coordinate their activity. This has
important implications for their ability to temporally summate inhibition on downstream striatal projection neurons. While
some in vivo single-unit electrophysiological recordings of putative FSIs support coordinated firing, others do not. Moreover,
it is unclear as to what aspect of action FSIs encode. To address this, we used in vivo calcium imaging of genetically identi-
fied FSIs in freely moving mice and applied machine learning analyses to decipher the relationship between FSI activity
and movement. We report that FSIs exhibit ensemble activity that encodes the speed of action sub-components, including
ambulation and head movements. These results suggest FSI population dynamics fit within a Hebbian model for ensemble

inhibition of striatal output guiding action.
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Introduction

The dorsal striatum is the input nucleus for cortical process-
ing by the basal ganglia and, as such, is critical for voluntary
action learning and control. The principal neuron type of
the striatum is the medium spiny projection neuron (MSN),
which receives powerful feedforward inhibition from stri-
atal parvalbumin-expressing fast-spiking interneurons
(FSIs; Koos et al. 2004; Tepper et al. 2004). FSIs are criti-
cal for habit (O’Hare et al. 2017) and egocentric learning
strategies (Owen et al. 2018). Post-mortem examinations
of brains from individuals with a history of the motor tic
disorder Tourette syndrome reveal a 50% decrease in FSI
numbers (Kalanithi et al. 2005; Kataoka et al. 2010). Despite
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the critical role that FSIs play in action control, it remains
unclear how FSI encoding of action compares to MSNs,
which encode complex features of actions (Jin and Costa
2010; Graybiel 1998; Barnes et al. 2011; Klaus et al. 2017,
London et al. 2018) and kinematic properties of movement
(Yttri and Dudman 2016; Barbera et al. 2016).

Computational models of FSI population activity sug-
gest that FSI electrical coupling enables population-wide
synchrony (Hjorth et al. 2009; Zhang et al. 2014). How-
ever, in vivo single-unit recordings of putative FSIs suggest
that FSIs fire idiosyncratically (Berke 2008), while other
data provide evidence that FSIs fire in a coordinated fash-
ion (Bakhurin et al. 2016). A possible explanation for this
discrepancy could be the organization of FSIs into func-
tional ensembles. FSIs diffusely populate the striatum and
represent less than 3% of all striatal neurons (Tepper et al.
2010). Thus, using electrophysiological approaches, it is
very difficult to assess: (1) whether ensemble activity exists
and; (2) what aspect of actions FSI ensembles may encode.
To address this, we apply in vivo calcium (Ca>*) imaging to
visualize activity-dependent Ca>* signals in freely behav-
ing adult mice. We report that FSIs functionally organize
as ensembles that encode the speed of distinct movement
sub-components.
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Materials and methods
Animals

All procedures were performed in accordance with the
United States Public Health Service Guide for Care and Use
of Laboratory Animals and were approved by the Institu-
tional Animal Care and Use Committee at the University
of Maryland Baltimore. Mice were housed with littermates
(2-5 per cage) under a 12-h light/dark cycle (lights on at
0700 h, off at 1900 h) with ad libitum access to food and
water. A total of 12 Pvalb-Cre (Tanahira et al. 2009) female
and male transgenic mice (C57BL/6 J background) were
used for this study. Mice were 6-36 weeks old.

Stereotaxic surgery and viral vectors

6—10-week-old mice were anesthetized with isoflurane
and placed into a stereotaxic frame. For slice experiments,
adeno-associated viral (AAV) vectors (UPenn Vector Core)
were used for Cre-dependent expression of the geneti-
cally encoded Ca®* indicator GCaMP6f (AAV5-Syn-Flex-
GCaMP6f-WPRE-SV40) in the dorsal striatum of Pvalb-
Cre mice: +0.8 mm anterior/posterior (AP) from bregma,
+ 1.8 mm medial/lateral (ML) from midline, and — 2.2 mm
dorsal/ventral (DV). Four weeks after surgery, the slice
experiments were performed. For in vivo experiments, injec-
tions of the GCaMP6f viral construct were performed at a
30° angle from the DV axis and caudally from bregma at:
—0.9 mm AP from bregma, + 1.8 mm ML from midline,
and —3.46 mm DV from brain surface. 500 nL of virus was
injected at a rate of 15-25 nL/min with an infusion time of
7-10 min.

In vivo Ca?* imaging of FSls

An imaging cannula (Doric) containing a graded-index
(GRIN) lens (0.5-mm diameter, 3.13-mm length) was stere-
otaxically implanted unilaterally into the dorsal striatum
(+0.8 mm AP from bregma, + 1.8 mm ML from midline,
—2.0 mm DV from top of brain) 3—4 weeks following
GCaMP6f viral injections. Imaging canulae were affixed
to the skull with Titan Bond (Horizon Dental) and dental
cement. Following 3—4 weeks of surgical recovery, a min-
iaturized epifluorescence microscope (Doric Lenses) was
attached to the implanted cannula, and mice were habitu-
ated to this procedure over 10 sessions across 5 days. After
habituation, Ca** imaging data were acquired using the
Doric Microscope Controller 2.1 software at 10 Hz under
1.2—-1.7 mW blue light (435 nm) excitation. Frames were
630 x 630 pixels (~350%x 350 pm). FSIs were imaged

@ Springer

during free ambulatory behavior in an acrylic chamber
(50 cm X 30 cm) and video monitored from above. The posi-
tion of the center of mass of each mouse was tracked using
Ethovision XT software (Noldus). A smoothing algorithm
was applied to all video tracks before analysis to reduce
system noise (locally weighted scatterplot smoothing based
on ten points before or after each data point performed in
Ethovision XT). Imaging sessions lasted 2.5 min.

Image processing

Image pre-processing was performed with the Doric Image
Analyzer software 1.0 (Guizar-Sicairos et al. 2008; Doric
Lenses) and included image realignment to correct for
motion-related artifacts and signal background subtraction.
Aligned and background-subtracted images were processed
in MATLAB R2013a (MathWorks) to extract denoised AF/F
activity of manually selected FSIs according to previously
established methods (Pnevmatikakis et al. 2016). No spatial
or temporal down-sampling was applied. Extracted denoised
AF/F signals were used for cross-correlations and machine
learning analyses.

Analysis of movement

All movements were scored as either an isolated head move-
ment, isolated ambulation, or a combined head movement
and ambulation. After manual scoring, the speed data were
recoded into two time series corresponding to either head
movement or ambulation epochs. Recoding was done so that
the new head movement and ambulation time series main-
tained the same length as the original speed time series.
For the head movement time series, ambulation events were
coded as a speed of zero and vice versa. Any movements
comprised of both head movements and ambulation were
coded as zero.

Acute slice electrophysiology

Mouse striatal slices were prepared according to our previ-
ously published methods (Patton et al. 2016). All whole-cell
experiments were recorded using borosilicate glass pipettes
with resistance of 2-7 MQ. Cells were current clamped
using a Multi Clamp 700B amplifier (Molecular Devices)
and Clampex 10.4.1.4 software (Molecular Devices) was
used for data acquisition. All recordings were filtered at
2 kHz and digitized at 10 kHz. Micropipettes were filled with
a K-Gluconate internal solution (in mM: 126 K-Gluconate,
4 KCl, 10 HEPES, 4 ATP-Mg, 0.3 GTP-Na, and 10 Phos-
phocreatine; osmolarity ranging from 290 to 295 mOsm; pH
7.3). FSIs were recorded at 40X under blue light (470 nm)
exposure with an optiMOS sCMOS camera (Q Imaging) at
10 frames per second. Denoised AF/F activity was extracted
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during voltage steps as described above. Linear regressions
were performed between the max AF/F value and number
of spikes generated during the voltage step for each cell.

Immunohistochemistry

Immunohistochemistry was performed as per our previously
published methods (White et al. 2017). Primary antibodies
used included goat anti-PV (1:5000, Swant PVG-214) and
chicken anti-GFP (1:2000, Abcam ab13970). Secondary
antibodies used were Alexa Fluor® 488 (donkey anti-goat,
donkey anti-chicken, 1:1000, Jackson ImmunoResearch).

Predictive modeling

A generalized boosted model (GBM) was used for neural
decoding (Friedman 2001, 2002). GBM produces an ensem-
ble of prediction models, which are built in a stage-wise
fashion. Here, GBM was implemented using an R machine
learning package: caret (Kuhn 2008). Prediction perfor-
mance is evaluated based on tenfold cross-validation (Duda
et al. 2001). For cross-validation, we divided the dataset into
ten blocks; we used 9 blocks to train a predictive model and
used 1 block to test the model. The prediction performance
was quantified by Pearson’s product-moment correlation
coefficient.

Neural decoding was formulated by constructing a pre-
dictive model f: b— Y, where b is Ca** signals, and Y is
the behavior variable (e.g., speed). Training a model from
a training dataset D=[(b, y,), ..., (b, ¥i)5 ... (by, YW1 15
to minimize a desired objective function, where (b, y,) is
the kth case in the training dataset. For continuous behavior
variables, a widely used objective function is mean square
errors. The procedure of GBM is as follows: GBM initial-
izes f(b) by a constant, then GBM iteratively performs the
following steps: (1) compute the negative gradient; (2) fita
regression model g(B); (3) choose a gradient descent step
size p, and; (4) update f(b) as f(b) < f(b) + pg(B).

Statistical analyses

Cross-correlations of AF/F signals were calculated pairwise
for all identified FSIs in each mouse. Additionally, cross-
correlations of AF/F signal and speed during ambulation
were calculated for all FSIs in each mouse. A Fisher’s z
transformation was applied to maximal cross-correlation
coefficients within a +500 ms time lag for in vivo record-
ings. Transformed coefficients were averaged for all FSI-FSI
and FSI-speed cross-correlations within a mouse before per-
forming one-sample #-tests to determine significance at the
group level. To minimize false-positive cross-correlations,
a threshold of p <0.001 was used.

Results

Coordinated FSI activity-dependent Ca* transients
in vivo encode movement speed

To first determine if Ca?*-dependent fluorescence changes of
GCaMP6f capture the full dynamic range of firing of striatal
FSIs, we measured GCaMP6f fluorescence changes across a
range of striatal FSI firing rates in acute striatal slices (Fig. 1a).
FSIs were targeted for whole-cell patch clamp recordings in
current clamp configuration using GCaMP6f fluorescence.
We previously confirmed that this Pvalb-Cre line selectively
expresses Cre in striatal FSIs (Mathur et al. 2013). Baseline
fluorescence was defined as that of the non-firing state, which
FSIs exhibit in the acute slice preparation in the absence of
current injection. A series of progressively larger current
injections were given to induce FSI firing while measuring
GCaMPo6f fluorescence. We observed strong correlations
between the maximum magnitude of AF/F signals and firing
rate (Fig. 1a; average r=0.99, n=12 cells).

FSIs were next imaged in vivo microendoscopically. Rep-
resentative implantation of GRIN lens and GCaMP6f expres-
sion is shown in Fig. 1b. AF/F signals from Ca®" transients
from manually identified FSIs during free movement in an
open field were extracted (Fig. 1c). Cross-correlating FSI
AF/F signals for all possible FSI pairs within each animal
revealed that FSI-FSI activity was significantly correlated
(Fig. 1d; average r,,,,=0.42+0.08, n=136 FSI pairs from 9
mice; average Fisher z transformation=0.51+0.1, n=9 mice,
t=3.8, p=0.005, one-sample 7 test). The distribution of Fisher
z transformation values calculated from the FSI-FSI cross-
correlations deviated from a normal distribution (Fig. 1d; Sha-
piro—Wilk normality test, p=0.04).

Cross-correlating FST AF/F signals with movement speed
revealed a positive cross-correlation (Fig. le; average r,,,,. =
0.4040.06, n=49 cells from 9 mice; average Fisher z trans-
formation=0.44+0.08, n=9 mice, p=0.0004, one-sample ¢
test). The distribution of Fisher z transformation values cal-
culated from the FSI-speed cross-correlations did not deviate
from a normal distribution (Fig. 1e; Shapiro—Wilk normality
test, p=0.12). In addition, we found that FSI AF/F signals
were consistently elevated around the peak speed of move-
ments relative to bouts of inactivity (Fig. 1f; mean AF/F for
peak movement=0.69+0.09, for no movement=0.11+0.04,
t=17.54, n=9 animals, p <0.005, paired ¢ test).

FSI ensemble encoding of movement
sub-components

The heterogeneity of the observed FSI-FSI cross-correla-

tions (Fig. 1d) suggests that FSIs may be functionally organ-
ized as ensembles. To examine the relationship between
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movement subcomponents and potential ensemble activity,
we cross-correlated FSI AF/F signals with head and ambu-
latory movement, respectively (Fig. 2a, b). We found that
some FSIs were more positively correlated with ambula-
tion speed than with head movement speed (Fig. 2a) and
vice versa (Fig. 2b). A stringent threshold was applied to
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differentiate these FSI subtypes (p <0.001) to minimize any
Type I error. Other FSIs were positively correlated with both
types of movement speed (ambulation/head), and another
subset of FSIs were not correlated with either type of move-
ment (stochastic). A breakdown of all the different identified
subtypes of FSIs is shown in Fig. 2c.
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«Fig. 1 Coordinated activity of fast-spiking interneurons (FSIs) in vivo
correlates with movement speed. a Left: representative AF/F sig-
nals from a striatal FSI expressing GCaMP6f along with representa-
tive action potential firing in FSIs recorded using whole-cell patch
clamp recordings in current clamp configuration. Increasing fir-
ing frequencies were induced by progressively larger current steps
(translating to depolarization increments of 10 mV). Right: relation-
ship between firing rate and maximum AF/F signal plotted per cell.
The average within cell » was 0.99. Scale bars: 30 mV (vertical) and
125 ms (horizontal). b Immunostaining of GCaMP6f and the place-
ment of the gradient refractive index lens (GRIN lens) in the dorsal
striatum. CC corpus callosum. ¢ Left: representative image of stri-
atal FSIs expressing GCaMP6f in vivo. The colored numbers cor-
respond to the Ca2+transients in these neurons at right. Scale bar:
50 pm. Right: Speed trace for one representative animal (black) and
GCaMP6f traces for FSIs demonstrating pairs of FSIs have similar
firing patterns (cells 1 and 2; cells 3 and 4; cells 5, 6 and 7). Scale
bars: 4 cm/s, 10% AF/F, 10 s. d Left: cross-correlogram of AF/F sig-
nal from FSI pairs shows a significant coordination of FSI-FSI AF/F
signals (mean + SEM, shaded region). Dotted line represents level of
significance (p <0.001). Center: Average Fisher z transformation of
maximal FSI-FSI cross-correlation r values across mice. Right: dis-
tribution of fisher z transformation values significantly deviated from
a normal distribution. e Left: cross-correlogram of AF/F signal to
speed (FSI-speed) shows a significant correlation of FSI AF/F sig-
nals and speed (mean+ SEM, shaded region). Dotted line represents
level of significance (p <0.001). Center: average fisher z transforma-
tion of maximal FSI-speed cross-correlation r values across mice.
Right: the distribution of fisher z transformation values did not devi-
ate from a normal distribution. f Average FSI AF/F signal across
mice (red traces) was examined within 2-s epochs (dotted lines) of
two mobility states: around local speed peaks (gray trace; left) and
inactive periods (gray trace, center). Right: average FSI AF/F signal
was significantly greater around speed peaks relative to periods of
inactivity. **p <0.005

The average Fisher z transformation of FSI AF/F
cross-correlations to overall speed, ambulation speed, and
head movement speed for each FSI subtype is shown in
Fig. 2d—g. For the so-called ambulation FSIs, the average
cross-correlation of AF/F signal and ambulation speed was
significantly greater than the average cross-correlation of
AF/F signal and head movement speed (Fig. 2d; average
Fisher z transformation for ambulation FSIs and ambula-
tion speed=0.61+0.04, and for ambulation FSIs and head
movement speed =0.009 +0.04, t=10.1 p<0.0001, n=27
FSIs, paired ¢ test). The reverse was true for head FSIs, as the
average cross-correlation of AF/F signal from head FSIs and
head speed was greater than the average cross-correlation of
AF/F signal and ambulation speed (Fig. 2e; average Fisher z
transformation for head FSIs and head speed =0.40+0.07,
and for head FSIs and ambulation speed =0.13 +0.08,
t=12.2, p<0.0001, n="7 FSIs, paired ¢ test). No differ-
ence was observed between the average cross-correlations
of AF/F signal and ambulation speed or head movement
speed for ambulation/head FSIs (Fig. 2f; average Fisher z
transformation for ambulation/head FSIs and ambulation
speed =0.40 +0.04, and for ambulation/head FSIs and
head movement speed=0.36 +0.05, t=0.68 p=0.51,n=9

FSIs, paired ¢ test), or stochastic FSIs, which did not have
any significant cross-correlation with any observed aspect
of movement (Fig. 2g; average Fisher z transformation for
stochastic FSIs and ambulation speed = —0.06 +0.05, and
for stochastic FSIs and head movement speed =0.04 +0.02,
t=1.5 p=0.19, n=6 FSIs, paired ¢ test).

The average cross-correlation of AF/F signal from ambu-
lation FSIs and overall speed did not differ from the aver-
age cross-correlation of AF/F signal and ambulation speed
(Fig. 2d; average Fisher z transformation for ambulation
FSIs and speed =0.68 +0.05; t=0.59 p=0.56, n=27 FSIs,
paired ¢ test), nor did the average cross-correlation of AF/F
signal from head FSIs and overall speed significantly differ
from the average cross-correlation of AF/F signal and head
speed (Fig. 2e; average Fisher z transformation for head FSIs
and speed=0.27+0.12; r=2.13 p=0.08, n="7 FSIs, paired
t test). The cross-correlation with overall speed was greater
than average cross-correlations to ambulation speed or head
movement speed alone (Fig. 2f; average Fisher z transfor-
mation for ambulation/head FSIs and speed =0.49 +0.06;
ambulation speed vs. speed, t=2.41 p=0.04, n=9 FSIs,
paired ¢ test; head movement speed vs. speed, r=2.59
p=0.03, n=9 FSIs, paired ¢ test).

We next examined the ambulation FSI-FSI cross-corre-
lations from each mouse and compared this to cross-cor-
relations of ambulation FSIs with the other FSI subtypes
(Fig. 2h). We only compared ambulation FSIs because these
were the most prominent subtype, and thus, there were suf-
ficient numbers of ambulation FSIs in each mouse to allow
for comparisons of FSI-FSI coordination to all other FSI
subtypes. Cross-correlations among ambulation FSIs were
greater than cross-correlations of ambulation FSIs to both
head FSIs (Fig. 2h; average Fisher z transformation for
ambulation—ambulation FSI cross-correlations =0.71 +0.06,
44 pairs, and for ambulation—head FSI cross-correla-
tions =0.33+0.07, 40 pairs, t=3.88, p=0.0003, unpaired
t test) and stochastic FSIs (Fig. 2h; average Fisher z trans-
formation for ambulation—stochastic FSI cross-correla-
tions =0.03+0.03, 26 pairs, t=8.79, p <0.0001, unpaired
t test). In contrast, this difference was not observed for
cross-correlation of ambulation FSIs to ambulation/head
FSIs (Fig. 2h; average Fisher z transformation for ambula-
tion—ambulation/head FSI cross-correlations =0.68 +0.07,
25 pairs, t=0.27, p <0.79, unpaired ¢ test).

Predictive modeling of speed

To test if FSI ensembles encode movement speed, we
trained generalized boosted models (GBM) (Friedman
2001, 2002) using FSI AF/F signals to predict the speed
for each mouse (Fig. 3a). Movement speed was signifi-
cantly predicted from a minimum of 3 FSI AF/F signals
(Fig. 3b, r=0.95+£0.02, Fisher z=1.89+0.15, r=12.94,
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n=9, p<0.0001, one-sample ¢ test). We performed the
same GBM analysis using 10 different permutations of
shuffled FSI AF/F time series to predict speed and found
the mean root mean square error (RMSE) across the
ten permutations. For all mice, ensemble FSI activity
(Fig. 3c, red bars, average RMSE of ensemble composite
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FSI activity =0.39 +0.006, F=29.2, p=0.0004, n=9
mice, One-way RM ANOVA) had a greater RMSE in the
GBM prediction of speed than using: (1) shuffled FSI
data (Fig. 3c, light gray bars, average RMSE of rand-
omized FSI activity =1.50+0.22, p =0.0007, Dunnett’s
multiple comparison test); (2) individual FSI data as a
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«Fig.2 Ensembles of FSIs encode distinct movements. a Left: exam-
ple of an ambulatory movement. Right: example traces illustrating
the relationship between AF/F signal from a striatal FSI preferen-
tially responding to ambulation speed (red) and ambulation speed
isolated from the overall speed signal (gray). b Left: example of a
head movement from the same mouse shown in a. Right: example
traces illustrating the relationship between AF/F signal from a stri-
atal FSI preferentially responding to head movement speed (blue) and
head movement speed isolated from the overall speed signal (gray). ¢
The breakdown of striatal FSIs for which AF/F signal preferentially
encoded ambulation (ambulation) or head movements (head), as well
as FSIs that encoded both ambulation and head movements equally
(ambulation/head) or FSIs that did not encode either ambulation or
head movement (stochastic). d For ambulation FSIs, the cross-corre-
lation between AF/F signal and isolated ambulation speed, as well as
overall speed, was greater than the cross-correlation to head move-
ment speed. ****p <0.0001. e For head FSIs, the cross-correlation
between AF/F signal and isolated head movement speed was greater
than the cross-correlation to ambulation speed. In addition, for these
FSIs the cross-correlation of AF/F signal to overall speed was greater
than to ambulation speed. *p <0.05, ****p <0.0001. f For ambula-
tion/head FSIs, the cross-correlation between AF/F signal and overall
speed was greater than the cross-correlation to ambulation speed and
to head movement speed. *p <0.05. g For stochastic FSIs, cross-cor-
relations between AF/F signals and overall speed, ambulation speed,
and head movement speed did not differ. h FSI-FSI cross-correla-
tions of AF/F signals were significantly greater between ambulation
FSIs and other ambulation FSIs (ambulation—ambulation) compared
to ambulation—-head and ambulation—stochastic cross-correlations;
whereas ambulation—ambulation and ambulation—ambulation/head
cross-correlations were not different. ***p <0.001, ****p <0.0001

predictor and taking the mean of the resulting RMSEs
(Fig. 3c, white bars, average RMSE of individual FSI
activity =1.36 £ 0.22, p =0.002, Dunnett’s multiple com-
parison test) or; (3) or the average activity of FSIs as a
predictor (Fig. 3c, black bars, average RMSE of average
FSI activity =1.33 +0.24, p=0.003, Dunnett’s multiple
comparison test).

If FSI ensembles encode speed, then a relationship
should also exist with the derivative of speed: accelera-
tion. Acceleration was predicted from FSI AF/F signals
(Fig. 3d, r=0.68 +0.06, Fisher z=0.89+0.10, t=9.20,
n=9, p<0.0001, one-sample ¢ test). For all mice, com-
pared to ensemble FSI activity, we observed a significantly
greater RMSE in the GBM prediction of acceleration
(Fig. 3e, red bars, average RMSE of composite of FSI activ-
ity=1.87+0.31, F=22.8, p=0.001, n=9 mice, One-way
RM ANOVA) as compared to using: (1) shuffled FSI data
(Fig. 3e, light gray bars, average RMSE of randomized FSI
activity =2.92 +0.42, p=0.005, Dunnett’s multiple com-
parison test); (2) individual FSI data as a predictor and tak-
ing the mean of the resulting RMSEs (Fig. 3e, white bars,
average RMSE of individual FSI activity =2.95+0.42,
p=0.003, Dunnett’s multiple comparison test) or; (3)
the average activity of FSIs as a predictor (Fig. 3e, black
bars, average RMSE of average FSI activity =2.99 +0.43,
p=0.003, Dunnett’s multiple comparison test).

Discussion

Our data support the concept that FSIs functionally organ-
ize as ensembles that encode action speed of movement
sub-components. Furthermore, our machine learning
analyses suggest that this ensemble activation of FSIs
is necessary for optimal encoding of action speed. The
temporal coordination of FSIs as ensembles observed
herein may resolve a recent in vivo electrophysiologi-
cal study that suggests FSIs synchronize (Bakhurin et al.
2016) with other data suggesting that putative FSIs fire
idiosyncratically associated with movement and action
execution (Berke 2008). As a possible further explana-
tion for discrepancies in the literature, our observation that
FSI-FSI cross correlations exhibit a broad peak of corre-
lated activity over time suggests that FSIs may coordinate
firing (within ensembles) on a mesoscale, rather than with
the high temporal precision that is usually associated with
neural synchrony using electrophysiological approaches.
Accordingly, it should be noted that Ca®* imaging is a
poor proxy for the high temporal dynamics of FSIs. Fur-
ther work is required to determine if FSIs synchronize as
ensembles on a millisecond timescale.

FSIs predominate in the dorsolateral striatum (Schlosser
et al. 1999; Luk and Sadikot 2001), which receives primar-
ily somatomotor cortical input (DeLong and Georgopoulos
1981; Lovinger 2010). As such, the present data suggest
that FSI encoding of movement speed is communicated
from motor cortical inputs. Given our observation that
distinct FSI ensembles encode movement sub-compo-
nent speed, an input specificity from motor cortex to FSI
ensembles may exist. The segregation of FSI ensembles
into distinct motor components may give rise to a scenario
wherein ensembles encoding opposing or non-overlapping
movement sub-components (e.g., arm flexure and exten-
sion) would exhibit non-overlapping activation patterns.
Mice tend not to perform overt head scanning while ambu-
lating and vice versa. This may explain negative correla-
tions between a proportion of ambulation encoding FSIs
and head movements and vice versa. It should finally be
noted that our mouse movement tracking system is not able
to detect all movement sub-components, such as whisking.
Based on our observation that distinct ensembles encode
movement sub-components, it is possible that the so-called
stochastic FSIs may be encoding the speed of such unde-
tected movements.

Synthesizing extant single-unit recording data showing
that putative FSIs maintain a baseline level of firing (Lee
et al. 2017; Wiltschko et al. 2010; Berke 2008; Bakhurin
et al. 2016; Gage et al. 2010) with the present findings
suggests that FSIs may provide sustained inhibitory gov-
ernance, as ensembles, over MSN output that dynamically
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«Fig.3 FSI population activity accurately predicts action speed. a
Schematic of the workflow for applying a generalized boosted model
(GBM) machine learning algorithm to predict movement using
in vivo Ca2+imaging data. b. Left: representative traces are shown
of observed speed (black trace) and GBM predicted speed (gray
trace). Right: dot plot of the correlation between observed and pre-
dicted speed for each animal. Scale bars: 2 cm/s, 500 s. ¢ Left: root
mean square error (RMSE) magnitude is plotted for each mouse
for the GBM predicting speed using Ca2+imaging data from FSI
ensembles as predictors (red bars); using shuffled data of all FSIs
as predictors (10 different permutations, gray bars); performing the
GBM with each FSI individually as a predictor and taking the mean
of the resulting RMSEs (white bars); and using the mean activity of
all FSIs as the sole predictor (dark gray bars). Right: mean RMSE
across animals for the four different GBM analyses shown on the
left. One-way ANOVA revealed significantly less error between the
observed and predicted speed for the GBM using all FSIs as predic-
tors compared to the shuffled, individual, and mean FSI activity mod-
els. ¥**p <0.001, **p <0.01. d Left: representative traces are shown
of observed acceleration (black trace) and GBM predicted accelera-
tion (gray trace). Right: dot plot of the correlation between observed
and predicted acceleration for each animal. Scale bars: 10 cm/s2,
500 s. e Left: RMSE is plotted for each mouse for the GBM predict-
ing acceleration using Ca2+imaging data from FSI ensembles as
predictors (red bars); using shuffled data of all FSIs as predictors (10
different permutations, gray bars); performing the GBM with each
FSI individually as a predictor and taking the mean of the resulting
RMSEs (white bars); and using the mean activity of all FSIs as the
sole predictor (dark gray bars). Right: mean RMSE across animals for
the four different GBM analyses shown on the left. One-way ANOVA
revealed significantly less error between the observed and predicted
acceleration for the GBM using all FSIs as predictors compared to the
shuffled, individual, and mean FSI activity models. **p <0.01

on our findings. Finally, while the study by Jin et al. (2014)
and the present study focus on FSI encoding of movement,
FSI encoding of somatosensation alone or in conjunction
with movement speed cannot be ruled out.

FSIs are linked to habit formation (O’Hare et al. 2017).
Therefore, it is worth investigating if/how dorsolateral stri-
atal FSIs form ensembles during complex action sequences
that are specific to dorsolateral striatal function. Given
the postmortem data linking FSI dysfunction to move-
ment disorders (Kalanithi et al. 2005; Kataoka et al. 2010;
Reiner et al. 2013) and targeting of FSIs by drugs of abuse
(Wiltschko et al. 2010; Blomeley et al. 2011; Patton et al.
2016, 2019), FSI ensemble encoding is positioned as a
novel metric for dorsolateral striatal performance that may
be disrupted in a variety of neuropsychiatric disorders.
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