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% Check for updates Calcium imaging has been widely adopted for its ability to record from large

neuronal populations. To summarize the time course of neural activity,
dimensionality-reduction methods, which have been applied extensively to
population spiking activity, may be particularly useful. However, it is unclear
whether the dimensionality-reduction methods applied to spiking activity
are appropriate for calcium imaging. We thus carried out a systematic

study of design choices based on standard dimensionality-reduction
methods. We have also developed a method to perform deconvolution

and dimensionality reduction simultaneously (calciumimaging linear
dynamical system, CILDS). CILDS most accurately recovered the single-trial,
low-dimensional time courses from simulated calcium imaging data. CILDS
also outperformed the other methods on calcium imaging recordings from
larval zebrafish and mice. More broadly, this study represents a foundation
for summarizing calcium-imaging recordings of large neuronal populations

using dimensionality reduction in diverse experimental settings.

Computationsinthebrainoccur throughthe coordinated, time-varying
activity of populations of neurons. Dimensionality reductionis a class
of statistical methods commonly used for summarizing neural popu-
lation activity'™. It transforms high-dimensional neural recordings,
such as spiking activity from a population of recorded neurons, into
compact low-dimensional representations termed ‘latent variables’.
Theselow-dimensional representations facilitate the investigation of
how neural population activity varies over time, across experimental
conditions, and across repeated experimental trials of the same condi-
tion. In particular, dimensionality reduction hasbeen used to uncover
neural mechanisms underlying decision making*, motor control’, learn-
ing®, working memory’, sensorimotor timing®, attention’, olfaction,
speech™ and more.

Dimensionality reduction has typically been applied to electro-
physiological recordings. Inthe last decade, opticalimaging hasbeen
widely adopted to record from large populations of neurons. Optical
imaging has the ability to sample neurons densely within the field of
view, track neurons over long periods of time, and label neurons by cell
type or projection, among other advantages®. One leading type of opti-
calimagingis calciumimaging, which uses calciumindicators to track
thetransientincrease inintracellular calcium levels that accompanies
electrical spiking activity®. These changes in calcium levels are then
optically recorded via changes in fluorescence. Calcium imaging has
the capability of imaging even the whole brain of some small animals
(for example, larval zebrafish) at single neuron resolution™, albeit at
alower temporal resolution than electrical recordings.
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Fig.1|Dimensionality reduction of calcium imaging recordings. A key

property of calcium imaging is the slow decay of the measured fluorescence
(left panel, maroon) after each spiking event (left panel, gray). Ifignored, the
calciumdecay could introduce temporal correlations in the estimated latent

variables (right panel, maroon), where those temporal correlations would not be
present had we estimated the latent variables from the underlying spike trains
(right panel, gray).

With the increasing use of calcium imaging, many studies are
now beginning to apply dimensionality reduction to calciumimaging
recordings™ . A critical question is whether the same dimensionality-
reduction methods previously applied to study spiking activity are also
appropriate for calcium imaging recordings?. In this Article we focus
on the use of dimensionality-reduction methods to extract single-
trial time courses of latent variables, termed ‘neural trajectories’. This
enables the study of how trial-to-trial differences in the time course of
neural activity relate to trial-to-trial differences in perception, deci-
sion making and behavior®'®?**', We seek to understand whether the
neural trajectories extracted from calcium imaging recordings faith-
fully capture the shared, time-varying activity among the population
of recorded neurons. A key property of calcium imaging is the slow,
indicator-dependent decay of measured calcium levels after each
spiking event" (Fig.1). Ifignored, this decay could introduce temporal
correlations in the extracted neural trajectories that are not present
in the underlying spiking activity of the recorded neurons. Thus, the
neural trajectories that are extracted from calciumimaged activity may
be quite different from the neural trajectories that would be extracted
from spikingactivity. Deconvolutionis atechnique thataims torecover
spiking activity from calcium imaging recordings®. However, deconvo-
lutiontechniques do not, as yet, recover the underlying spikes exactly™.

In this Article our central goals are to (1) systematically study the
appropriateness of dimensionality-reduction methods for summariz-
ing the time course of calcium imaging recordings and (2) propose
a dimensionality-reduction method that is tailored for extracting
neural trajectories from calcium imaging recordings in exploratory
data analysis. We sought to address three questions. First, we asked
whether deconvolutionshould be used with dimensionality reduction
when extracting neural trajectories, and, if so, how it should be applied.
Second, we asked how different experimental variables (for example,
the decay constant of the calciumindicator, the timescale of the latent
time courses and the number of imaged neurons) impact the ability to
recover neural trajectories from calciumimaging recordings. Third, we
asked whetheritisnecessary for the dimensionality-reduction method
to employ a dynamics model for the latent variables, as such a model
might enable the neural trajectory to be more cleanly separated from
the time course of calcium decay.

We address these questions by comparing several approaches: (1)
standard dimensionality reduction applied directly to the recorded
fluorescence; (2) atwo-stage method in which deconvolutionis applied
separately to each neuron’s fluorescence trace to estimate spiking

activity, then standard dimensionality reduction is applied to the
estimated spiking activity; and (3) a unified method that we propose
here (‘calcium imaging linear dynamical system’, CILDS), which per-
forms deconvolution and dimensionality reduction jointly. We first
apply these methods to simulated fluorescence traces, in which we
systematically vary several experimental variables over a wide range.
We then apply the methods to calcium imaging recordings from the
dorsalraphe nucleus of larval zebrafish and the primary visual cortex
of mice. Across these settings, we find that CILDS outperforms the
other methods. Comparedtothe other methods, CILDS is able to better
peer through the calcium decay and apply the appropriate degree of
temporal smoothing to thelatent variables. Overall, our work provides
afoundationfor using dimensionality reductionto summarize the time
course of calciumimaging recordings.

Results

Model overview

Our central goalisto develop dimensionality-reduction methods that
are appropriate for calciumimaging recordings, to capture the shared,
time-varying activity among the population of recorded neurons. To
do this, we systematically compared three approaches.

For the first approach, we applied a standard dimensionality-
reduction method directly to the recorded fluorescence traces from
calciumimaging (Fig. 2a, top). We chose to use alatent linear dynamical
system (LDS), which is among the most basic methods for extracting
neural trajectories. Conceptually, an LDS seeks to explain the temporal
structureinthe datausing latent variables that vary smoothly over time.

Each time a neuron spikes, intracellular free calcium increases,
then decays slowly over time. The calciumindicator kinetics influence
the measured decay time, resultingin fluorescence traces whose inten-
sity decays over hundreds of milliseconds to seconds, depending on the
particular calciumindicator used”. This decay transientinduces tem-
poral correlationsin the fluorescence measurements, whichareinput
to the LDS, which might attempt to capture these correlations in its
latent variable estimates. This motivates our second approach, which
first deconvolves each fluorescence trace separately, and then applies
aLDS to the resulting estimated spiking activity. The deconvolution
serves to remove asubstantial portion of the calcium decay transient,
producingactivity traces similar to spike trains (or time-varying firing
rates). We term this two-stage method ‘deconv-LDS’ (Fig. 2a, middle).
Here, we chose to deconvolve the fluorescence traces with OASIS***,
which has been widely used in calcium imaging studies®®?>*,
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Fig.2 | Comparison of three classes of dimensionality reduction methods.
a, Each of the three classes of methods was applied to the simultaneously
recorded fluorescence of a population of neurons (y,, y,, ..., y,) to extract latent
variables. Inapproach 1, astandard dimensionality-reduction method (for
example, LDS) is applied directly to calcium imaging recordings, extracting
corresponding low-dimensional latent variables at each time point (illustrated
here with two dimensions, z,and z,). Inapproach 2, deconvolutionis applied
separately to each neuron’s fluorescence trace to estimate its underlying
spiking activity (s;, 5, ..., S,). A standard dimensionality reduction method

(for example, LDS) is then applied to the estimated spiking activity to extract
latent variables (z,and z,). Approach 3 is a unified method (for example, CILDS)
that takes calcium imaging recordings as input and performs deconvolution
and dimensionality reduction simultaneously to extract the latent variables

(z,and z,). b, Cartoon depicting the intuition behind the differences between
approaches2and 3. Center: alatent variable z (representing, for example, a
common input) is used to generate spike trains, which, in turn, are used to
generate fluorescence traces. Left: deconvolution is performed neuron by
neuron (approach 2, deconv-LDS), thenan LDS is applied to the estimated
spiking activity to extract latent variables. Right: a unified method (approach
3, CILDS) is applied to all neurons together to dissociate the calcium transients
from the underlying shared spiking activity among neurons (that s, the
estimated latent variable). This is done by jointly performing deconvolution
and dimensionality reduction, asillustrated by the double arrows. Note that the
estimated spiking activity is depicted here as spike trains for visual clarity, even
though they are in fact continuous-valued time courses.
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In deconv-LDS, each neuron is deconvolved independently,
and the stages of deconvolution and dimensionality reduction are
performed sequentially. We asked whether performing these stages
jointly would lead to more accurate recovery of the latent variables
(Fig.2a, bottom). More specifically, we hypothesized that asequential
method (for example, deconv-LDS) may inadvertently discard some of
the shared activity amongst neurons due to the independent decon-
volution of each neuron (Fig. 2b, left). Because the latent variables
are intended to capture the shared spiking activity among neurons
(and not the calcium decay, which is independent across neurons), it
mightbe possible to better separate the calcium decay from the latent
dynamics by considering all the neurons together, and performing the
two stages of deconvolution and dimensionality reduction jointly.
This allows the dimensionality reduction component toinfluence the
deconvolution estimates, and vice versa, to more accurately estimate
the ground-truth latent variable than deconv-LDS (Fig. 2b, right). Thus,
for our third method we developed a unified approach, CILDS, inwhich
dimensionality reduction and deconvolution are performed jointly
(Fig.2a, bottom).

Deconvolution with dimensionality reduction

Wefirst asked whether itis beneficial to first deconvolve fluorescence
to estimate spiking activity to recover the underlying latent variables”.
Indeed, multiple studies have applied dimensionality reduction to
deconvolved spiking estimates’>**>*, However, deconvolution is sub-
jectto particular statistical modeling assumptions (asis any statistical
method) and usually does not recover the underlying spikes exactly.
Itis thus unclear how, or even if, deconvolution should be used with
dimensionality reduction. We addressed this question by comparing
the three approaches described above (Fig. 2a).

With calcium imaging recordings, the ‘ground-truth’ latent vari-
ables are unknown. Hence, to directly compare the ability of each
methodtoextractlatent variables, we designed a simulation framework
inwhich we created known ground-truth latent variables with smoothly
varying time courses. These latent variables were used to generate
spike trains, which, inturn, were used to generate fluorescence traces
(Methods). We then applied each of the three approaches to these
simulated fluorescence traces to assess how accurately they recovered
the ground-truth latent variables. Examples of two combinations of
experimental variables areillustrated in Fig. 3a. In the simulations, we
used ten latent variables, of which two are shown.

We found that, in both settings, CILDS outperformed the other
twomethods, returning more accurate estimates of the ground-truth
latent variables (Fig. 3b,c, points above the diagonal). By operating
on the entire population of neurons together, CILDS was better able
to separate the calcium transients from the shared activity among
neurons (thatis, the latent variables) compared to deconv-LDS, which
deconvolves the activity of each neuron individually, and LDS, which
makes no attemptat this separation. Taken together, when extracting
single-trial neural trajectories, one should use deconvolution jointly
with dimensionality reduction, asin CILDS.

Impact of experimental variables on latent-variable recovery
We next asked how different experimental variables affect the accuracy
of the recovered latent variables. The simulation framework enables
us to systematically vary experimentally relevant variables. These
variables comprise four axes along which we can explore different
combinations of values that might mimic a particular experimental
paradigm. We varied the timescales of the latent time courses from
50 msto 5,000 ms, the number of neurons from 20 to ~100, the calcium
decay timescales to match GCaMP6f, GCaMP6m and GCaMPés (fast,
medium, slow)", and the variance of the added imaging noise, which
was independent of the calcium and spiking activity (Supplementary
Table1). We assessed how the accuracy of the dimensionality-reduction
methods changed as we systematically changed these variables.

As we increased the timescales of the latent variables, all dimen-
sionality-reduction methods improved their accuracy in estimating
the ground-truth latent variables (Fig. 3d). This occurs because, with
slower latent fluctuations, the latent variables become lessindepend-
ent across time. As a result, all methods can leverage future and past
time points to better estimate the latent variables at the current time
point. When the latent timescales are slow (order of seconds), the
calcium indicator decay (which also has a timescale on the order of
seconds) tends not to blur the underlying neural activity. Accordingly,
amethod that is not able to disambiguate between the time courses
of the latent variables and the calcium decay (for example, LDS) can
still accurately recover the latent variables (see the latent timescale
of 5,000 ms in Fig. 3d). However, at faster latent timescales (tens to
hundreds of milliseconds), which reflect the timescales of many sen-
sory, cognitive and motor functions®?, it is critical to use a method
that accounts for the calcium decay, as both CILDS and deconv-LDS
do (see the latent timescale of 50 ms in Fig. 3d).

Next, when we increased the number of ‘recorded’ neurons, all
three methods improved in their ability to reconstruct the ground-
truthlatentvariables (Fig. 3e). This makes sense, because each neuron
provides a different, noisy view of the underlying latent variables. With
more neurons, all methods are better able to ‘triangulate’ the values
ofthelatent variables.

We also varied the time constant of the GCaMP calcium indicator
decay to match GCaMP6f, 6m and 6s (from fast to slow; Fig. 3f). All
methods performed worse as the decay time constantincreased. This
occursbecausethe slower the calciumindicatoris, the less the resulting
fluorescence signal resembles the original spike train, which increases
the difficulty in disambiguating between the latent time courses and
the calcium decay (Fig. 3f).

Finally, we varied the amount of noise added to the fluorescence,
whichreflectsimaging noise independent of calcium and spiking activ-
ity (Fig. 3g). As the variance of the noise increased, all three methods
performed worse, as expected, although the extent of the performance
degradation differed across methods. As the fluorescence noise vari-
anceincreased, CILDS continued to outperformthe other two methods
(Fig. 3g). This indicates that leveraging the population of neurons for
simultaneous deconvolution and dimensionality reduction, as done
by CILDS, provides statistical power to mitigate aloss inaccuracy due
toincreased fluorescence noise (Fig. 2b).

Overall, CILDS performed as well as or better than the other two
methodsin every simulated setting we tested (Fig. 3d-g, orange higher
than purple and cyan; also see Supplementary Fig. 1 for additional
combinations of simulation parameter settings and Supplementary
Fig. 2 for how the results vary with mean firing rates). We addition-
ally found that deconv-LDS usually outperformed LDS in the accu-
racy of the recovered latent variables, consistent with ref. 27, which
applied principal component analysis (PCA) to trial-averaged activity
(Fig. 3d-g, purple higher than cyan). Using deconvolution is particu-
larlyimportantinregimes where the timescales of neural activity (that
is, thelatent timescales) are faster than that of the calcium decay, which
is the case for many commonly studied brain functions.

Need for latent dynamical model in dimensionality reduction
Allthree dimensionality-reduction methods considered so far explicitly
attemptto extract latent variables that evolve smoothly over time viaa
latent dynamical model. We asked whether including alatent dynami-
calmodel was necessary for the accurate recovery of latent variables.
To address this, we compared three methods: (1) our method,
which incorporates deconvolution and latent dynamics (CILDS), (2)
amethod we created that incorporates deconvolution but no latent
dynamics (‘calcium imaging factor analysis’, CIFA; Methods) and (3)
an off-the-shelf method that does not incorporate deconvolution or
latentdynamics (‘factor analysis’, FA). CIFAisidentical to CILDS, except
that CIFA does not have alatent dynamical model, as with conventional
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(right panels) for two combinations of experimental variables. Setting 1
corresponds to alatent timescale of 200 ms, 94 neurons, calcium decay
corresponding to GCaMPé6f, and medium fluorescence noise (Methods). Setting
2is the same as setting 1, but with high fluorescence noise. Each of the three
dimensionality-reduction approaches introduced in Fig. 2 (LDS, cyan; deconv-
LDS, purple; CILDS, orange) is applied to the simulated fluorescence traces.
Thelatent variables extracted by each method are then compared to the ground-
truth latent variables (black). b,c, Accuracy of latent variables estimated by
CILDS versus that of LDS (b) and deconv-LDS (c). Accuracy is measured by the
R?between each of the estimated and ground-truth latent variables. Each point
represents one latent variable on one trial, with a total of 2,000 points for
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each setting, comprising 200 trials and 10 latent variables per trial.

d-g, Mean accuracy of latent-variable recovery as the latent timescale (d),
number of neurons (e), GCaMPé6 indicator decay time constant (f) and
fluorescence noise level (g) were varied. In each panel (d-g), one of the
experimental variables was varied while the other three variables were held
constantat the setting 1 values. The common point across the four panels is
setting 1 (shaded gray). Setting 2 (shaded purple) only appearsin g because
d-fcorrespond to medium rather than high fluorescence noise. The R? values
for other combinations of experimental variables are shown in Supplementary
Fig. 1. Colored error barsindicate standard deviation (s.d.), and black error bars
indicate standard error (s.e.m.) across n =2,000 latent variables (Methods).
The points are horizontally offset for visual clarity.
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dynamical model. Here we compare the performance of three methods at
recovering ground-truth latent variables in simulation: one with deconvolution
and latent dynamics (CILDS), one with deconvolution but no latent dynamics
(CIFA), and one with no deconvolution and no latent dynamics (FA). The
simulation parameters are GCaMP6f with 94 neurons and medium noise, asin
Fig.3d.a, Accuracy of latent-variable recovery for CILDS (orange), CIFA (brown)
and FA (blue) across a wide range of latent timescales. Note that the R? can be less
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than zero because these results are cross-validated. The CILDS curve shown here
is the same as in Fig. 3d. b, Mean calcium-decay time constant estimated using
CILDS (orange) and CIFA (brown) for different simulated latent timescales. FA
does not estimate a calcium-decay time constant. The dashed black line indicates
the ground-truth decay-time constant. In both panels, colored error bars
indicates.d., and black error bars indicate s.e.m. across n = 2,000 latent variables
(Methods).

FA. Across arange of latent timescales, we measured the ability of each
methodto accurately recover the ground-truth latent variables (Fig. 4a).

We found that when the latent timescales are fast, the calcium
transient blurs the neural activity, and deconvolutionis necessary for
more accurate latent-variable recovery (Fig. 4a, left, consistent with
Fig. 3d). This is why the methods that involve deconvolution (CILDS,
CIFA) outperform the method that does not involve deconvolution
(FA). CILDS outperforms CIFA in this regime because CILDS additionally
smooths the latent variables over time via thelatent dynamical model
inaway thatis determined by the data (Methods).

When the latent timescales are slow, it becomes important that
the latent variables are smoothed temporally (Fig. 4a, right), either
through the use of a latent dynamical model (CILDS) or by retaining
the smoothing provided by the calcium indicator dynamics when
they are not deconvolved away (FA). These methods outperform the
method in which the latent variables do not have temporal smooth-
ing (CIFA). Furthermore, the fact that CIFA is not a latent dynamical
modelinfluencesits estimate of the calcium decay constant. CIFA can
attribute temporal smoothness in the fluorescence to only one pos-
sible source—calcium decay. For this reason, as the simulated latent
timescale increases (left to right in Fig. 4b and Supplementary Fig. 3),
CIFA erroneously attributes the slower varying fluorescence toaslower
calcium decay, rather than to a longer latent timescale. By contrast,
CILDS can attribute smoothness in the fluorescence to two possible
sources—Ilatent variables that evolve smoothly over time and calcium
decay. As aresult, as the simulated latent timescales increase (left to
rightin Fig. 4b and Supplementary Fig. 3), CILDS correctly attributes
the slower varying fluorescence to the latent variables, and notto a
longer calcium-decay time constant.

Insummary, we found that, rather than alatent dynamical model
being necessary per se, temporal smoothing of the latent variables is
necessary for their accurate recovery, to a degree that is appropriate
for the underlying latent or neural process. The trends that we observed
for CILDS, CIFA and FA are true across a variety of related methods
(Supplementary Fig. 4). Overall, CILDS performs well in all regimes,
regardless of whether the latent timescales are fast or slow. For this
reason, we consider CILDS to be an excellent tool for exploratory data
analysis for which we do not know a priori whether the underlying
neural processes are fast or slow.

Application to calciumimaging recordings

To assess whether the advantages of CILDS also hold in real data, we
applied each of the dimensionality-reduction methods described above
(CILDS, deconv-LDS, LDS and CIFA) to calcium imaging recordings in
two experimental contexts: larval zebrafish and mice. To emphasize
the generality of our findings, these two experimental settings involve
notonly different animal species, but also different brain areas, behav-
ioral tasks and properties of the recorded fluorescence (see below). In
these experiments, the ground-truth latent variables are unknown. To
quantify the accuracy of each method, we adopted aleave-neuron-out
procedure used in previous studies®*. We estimate the latent vari-
ables using all-but-one neuron, and then assess how well these latent
variables predict the recorded fluorescence of the held-out neuron
(Methods). This procedure assesses the relative ability of each method
to identify a set of latent variables that captures the variability that is
shared amongst the neurons. We used between 3 and 17 latent variables,
depending on the dimensionality-reduction method, for the zebrafish,
and 50 latent variables for the mice (Methods).

The first experimental context involves larval zebrafish engaged
in a ‘fictive swimming’ motosensory gain adaptation task (Fig. 5a)*°.
Calcium imaging was performed on neurons expressing GCaMP6f in
dorsal raphe nucleus (DRN) using light-sheet microscopy in three fish
(19 to 22 neurons; mean, 20; Fig. 5a). We applied each dimensionality-
reduction method to these recordings and assessed their performance
using the leave-neuron-out prediction procedure (Fig. 5b). We found
that CILDS more accurately predicted the fluorescence of the held-out
neurons than the other methods (Fig. 5c-e), as quantified by the corre-
lationbetween the predicted and recorded fluorescence. Similar results
were obtained when examining each fishindividually (Supplementary
Fig.5), as well as for a larval zebrafish experiment in which hundreds
of neurons across multiple brain areas were analyzed together (300
neurons; Supplementary Fig. 6).

The second experimental context involves awake, head-fixed mice
passively viewing static visual gratings (Fig. 6a)*". Two-photon calcium
imaging was performed on neurons expressing GCaMPé6f in the pri-
mary visual cortex (V1) of three mice (133-319 neurons; mean, 234.7).
Comparing the raw recorded fluorescence of the two experimental
contexts (Fig. 5a versus Fig. 6a), the neurons in the DRN of the larval
zebrafish tend to exhibit slower fluctuations in fluorescence that are
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Fig. 5| Performance comparison onlarval-zebrafish DRN recordings. a, Light-
sheet calcium imaging using GCaMP6f at 30 Hz was performed on three larval
zebrafishinavirtual-reality environment. Shown are representative fluorescence
traces from seven of the imaged neurons. b, Example recorded fluorescence
traces (black) and leave-neuron-out predicted fluorescence using CILDS
(orange), deconv-LDS (purple), LDS (cyan) and CIFA (brown). c-e, Correlation
between the recorded fluorescence and the leave-neuron-out predicted
fluorescence for CILDS versus each of the other methods: LDS (c); deconv-

LDS (d); CIFA (e). Each point represents one neuron, where the correlation is
computed for each trial (27-s long), then averaged across all 15 trials. Diagonal
histograms show the paired difference in performance between CILDS and one

ofthe other methods, as indicated. The correlationis higher for CILDS than LDS
(P=0.0001, n =60 neurons, paired two-tailed ¢-test across the population of
neurons; the black asterisk indicates statistical significance) (c), deconv-LDS
(P=5.94 %107, n= 60 neurons) (d) and CIFA (P=0.046, n = 60 neurons) (e). Note
that the histograms are zoomed in for visual clarity, so the ends of the histograms
are not shown. The numbered points (black circles) correspond to the examples
showninb. Red points indicate a statistically significant difference per neuron
between CILDS and the other method being compared using a paired two-tailed
t-testacross trials (P < 0.05, Methods). Note that the threshold used for the t-test
means that we might expect 5% of the neurons to appear significant, even if the
effectis not real.

more correlated across neurons (Supplementary Fig. 7). In contrast, the
neuronsinmouse Vlexhibit faster changesin fluorescence, whichare
less correlated across neurons. We applied the same leave-neuron-out
fluorescence prediction analysis from Fig. 5to these mouse recordings
(Fig. 6b). Despite the stark differences between the fish DRN and mouse
V1 fluorescence traces, we again found that CILDS more accurately
predicted the fluorescence of held-out neurons than LDS (Fig. 6¢),
deconv-LDS (Fig. 6d) and CIFA (Fig. 6e). These results were also true
for each mouse individually (Supplementary Fig. 8).

Thus far, we have shown that CILDS extracts latent variables that
more accurately predict the fluorescence of held-out neurons than
the other methods. Another way to assess how meaningful the latent
variables extracted by each method are is to measure how strongly they
reflect external variables*. We thus performed a decoding analysis,
whereby we classified the orientation and spatial frequency of the
presented grating using the latent variables extracted by each of three
methods (Fig. 6f). We found that CILDS and CIFA performed similarly,
and both outperformed deconv-LDS (by 1.16 times) and LDS (by 1.43
times) (Fig. 6g). This demonstrates that the joint methods are better
at capturing the shared activity changes among neurons that are rel-
evant to the visual stimulus than the other methods. To understand
why CILDS and CIFA performed similarly, recall from the simulations
that the performance between CILDS and CIFA becomes more similar
as latent timescales get faster (Fig. 4a). The latent timescales of these

mouse recordings are at least as fast as the rate of change in the visual
stimulus (every 250 ms), as seen by the abrupt transients in the raw
fluorescence traces (Fig. 6a). Furthermore, the higher decoding accu-
racy for deconv-LDS compared to LDS indicates that accounting for the
calciumtransientsisimportant when the variable of interest changes
on the timescale of tens to hundreds of milliseconds.

Takentogether, theresults based on calciumimagingrecordings
fromtwo different recording regimes are consistent with what we iden-
tified in simulation. Namely, deconvolution should be used jointly with
adimensionality-reduction method that provides temporal smoothing
(asin CILDS), particularly if the neural process of interest changes on
atimescale of tens to hundreds of milliseconds.

Discussion

Thiswork has focused onthe question of which dimensionality-reduc-
tion method is most appropriate for extracting single-trial neural trajec-
tories from calciumimaging recordings. There are two other settingsin
which dimensionality reduction is commonly used. First, dimension-
ality reduction can be applied to analyze how trial-averaged activity
differs across experimental conditions (for example, refs. 4, 5, 7,17).
Inarecent study, Weiand colleagues applied PCA to trial-averaged elec-
trophysiological recordings and calciumimaging with GCaMP6s”. They
found important differences in the low-dimensional PCA trajectories
obtained from electrophysiological recordings versus calciumimaging.
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Fig. 6 | Performance comparison on mice V1recordings. a, Two-photon
calciumimaging performed on awake mice viewing static gratings with
different spatial frequencies and orientations (180 total stimuli) using GCaMP6f
at15.5 Hz. Shown are representative fluorescence traces from seven of the
imaged neurons. b, Example segment of recorded fluorescence traces (black)
and leave-neuron-out predicted fluorescence traces using CILDS (orange),
deconv-LDS (purple), LDS (cyan) and CIFA (brown). c-e, Correlation between
therecorded fluorescence and the leave-neuron-out predicted fluorescence for
CILDS versus each of the other methods: LDS (c); deconv-LDS (d); CIFA (e) Each
point represents one neuron, where the correlation is computed for each trial
(196.7-slong) then averaged across all 15 trials. Diagonal histograms show the
paired difference in performance between CILDS and one of the other methods,
asindicated. The correlation is higher for CILDS than LDS (P=5.04 x1077,
n=704neurons, paired two-tailed ¢-test across the population of neurons; the
black asterisk indicates statistical significance) (c), deconv-LDS (P=1.7 x 107,
n=704neurons) (d) and CIFA (P=3.19 x10"%, n =704 neurons) (e). Note that
the histograms are zoomed in for visual clarity, so the ends of the histograms

Latent dimensionality

are not shown. The numbered points (black circles) correspond to the examples
showninb. Red points indicate a statistically significant difference per neuron
between CILDS and the other method being compared using a paired two-tailed
t-testacrosstrials (P < 0.05, Methods). Note that the threshold used for the ¢t-test
means that we might expect 5% of the neurons to appear significant evenif the
effectis not real. f, Flow diagram depicting decoding of visual stimuli using low-
dimensional latent variables, which are obtained by applying a dimensionality-
reduction method to the recorded fluorescence traces. g, Classification accuracy
of thevisual stimulus based on latent variables extracted using CILDS (orange),
deconv-LDS (purple) and LDS (cyan). Classification was performed using a
Gaussian naive Bayes decoder, where the number of latent variables extracted

by each dimensionality-reduction method was systematically varied (horizontal
axis). There were 180 total gratings (with different orientations and spatial
frequencies) shown during the experiment, so the chance classification accuracy
is1/180 (gray dashed line). The decoding window was 250 ms, whichis the
duration of stimulus presentation. Black error bars around the mean indicate 95%
confidence intervals (Bernoulli process).

This difference was mitigated by first deconvolving the calciumimaging
recordings before applying dimensionality reduction, consistent with
our findings. It may be possible to furtherimprove the correspondence
by applying CILDS to single-trial fluorescence recordings, then averag-
ing the extracted low-dimensional neural trajectories across trials.

Second, dimensionality reductionis often used to analyze the trial-
to-trial variability of neural population activity without time courses,
that is, using one time point or time window per trial (for example,
refs.9,43-46).Inthis case, there would be no information about how the
calciumdecays and so one would not be able to make use of amethod that
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incorporates deconvolution. One might consider using CIFA, by analogy
to the use of factor analysis to study the trial-to-trial variability of spike
counts without time courses. However, it isimportant to note that, like
CILDS, CIFA also requires multiple time points to be able to deconvolve,
eventhough thelatent variablesin CIFA are independent from one time
pointtothe next.Ifthe original time series of calciumimagingis available,
onecanapply CILDS tothe time seriesfirst, then average across the time
points of the extracted latent variables. If the original time series of cal-
ciumimagingis notavailable, then astandard dimensionality-reduction
method such as factor analysis might be more suitable.

Previous studies have proposed methods for analyzing calcium
imaging recordings that include latent variables and deconvolution
in the same statistical model. Triplett and colleagues*’ developed
amethod to study the interaction between evoked and spontane-
ous activity using calcium imaging recordings in sensory systems. In
their model, the latent variables represent activity fluctuations shared
amongst neurons that are not explained by the sensory stimulus, where
these activity fluctuations are defined to be spontaneous activity.
Aitchisonand colleagues*® developed amethod to infer spiking activ-
ity and neural connectivity from calcium imaging experiments that
involve optogenetic stimulation. In their model, the latent variables
represent shared activity amongst neurons that are not explained by
the optogenetic stimulation or the activity of other neurons recorded
simultaneously, and areintended to representinput from other brain
areas. We developed CILDS for extracting latent-variable time courses
that summarize the population activity on individual experimental
trials. In contrast to the two methods above, which have more specific
analysis goals, CILDS is general-purpose and well suited for exploratory
data analysis. For example, one might ask whether the neural activ-
ity can be separated based on behavioral context or sensory stimuli
(Supplementary Fig. 9). This is akin to the use of methods such as
LDS*, GPFA®$, TCA*®, LFADS** and dPCA® for exploratory analysis of
population spiking activity, the results of which can then lead to the
use of methods with more specific goals (see refs. 52-54 for examples).

CILDS can be extended in the following ways. First, in this work,
the observation model of CILDS is based on OASIS**, which uses an
autoregressive process to model the calcium decay. Here, we used
an autoregressive order of one, which corresponds to an instantane-
ous rise in calcium after each spiking event, as was done in previous
work®>**%, Although this is a reasonable first approximation, when
imaging rates are fast or the calciumindicator is slow, it may be desir-
abletouse anautoregressive order greater than one to better capture
the non-instantaneous rise in calcium®. Second, various deconvolution
methods have been proposed, including MLSpike* and LZero*. Any
innovations to the deconvolution methods beyond OASIS could, in
principle, also be incorporated into the observation model of CILDS.
Finally, different latent time-series models can be used in place of the
LDS to achieve different analysis goals. For example, if one seeks only
temporal smoothing in the latent variables without explicit dynam-
ics, the LDS can be replaced with Gaussian processes™®. If one seeks
to extract richer dynamics, a nonlinear dynamical system such as a
recurrent neural network®**® can be used.

With the development of dimensionality-reduction methods that
are tailored for calcium imaging, such as CILDS, we can better lever-
age the statistical power of the populations of neurons recorded with
calcium imaging. In addition, we can incorporate other advantages
of calcium imaging, such as being able to obtain information about
neurontype or knowledge about which neurons project to other brain
areas. For example, one could use dimensionality reduction to under-
stand how populations of different neuron types interact®, or utilize
information about where neurons project, coupled with dimensionality
reduction, tounderstand how the projections contribute to the coor-
dination of activity between brain areas®*'. This can enable insights
aboutneural populationactivity recorded using calciumimaging that
go beyond what s currently possible with electrophysiology.

Methods

Dimensionality-reduction methods

Here we mathematically describe the dimensionality-reduction meth-
ods used in this work: LDS, deconv-LDS, CILDS and CIFA. For the pur-
poses of this work, we assume that the spatial footprint of each neuron
has already been identified from the raw calcium imaging data (a pro-
cedure known as image segmentation®>®%), resulting ina fluorescence
time course for each neuron. The dimensionality reduction methods
presented here are applied to these fluorescence time courses.

Linear dynamical system. We first considered a standard dimension-
ality-reduction method for summarizing the time course of spiking
activity, alatent LDS, here applied to calcium imaging recordings. Let
y, € R™1be ahigh-dimensional vector of fluorescence values recorded
at time point ¢, where g is the number of neurons imaged simultane-
ously. The goal is to extract a corresponding low-dimensional latent
variable z, € RP*! at each time point, where p is the number of latent
dimensions (p < q). The observation model is given by

y.=Az,+b+e¢, w,~N(O,R) 1)

where 4 € R7*is the loading matrix that specifies how each neuron’s
activity isrelated to the latent variables, b € R9¥lisan offset vector that
accounts for constant background fluorescence, R € R™4is the obser-
vationnoise covariance,andt=1, ..., T.We constrained Rto be diagonal,
thereby capturingactivity variability and imaging noise independently
foreachneuron. Thetime-evolution of thelatent variablesis described
asalinear dynamical system:

z, =Dz, 1 +Vv, V,~N(O,P) 2)

z; ~ N(hy, G) 3)

where D € RP*?is the dynamics matrix that determines the timescale
of the latent variables, P € R is the dynamics noise covariance,
h; € R?*1and G, € RP*describe the mean and covariance of the latent
variable at the first time point,and¢=2, ..., T.We constrained D, Pand
G, to be diagonal here as a form of regularization, although a general
LDS with these parameters unconstrained could also be used.

Equations (1), (2) and (3) together define the latent LDS. Wefit the
model parameters (4, b, R, D, P, h,, G)) using the expectation-maxi-
mization (EM) algorithm. To initialize the model parameters, we first
performed FAony,toobtainA, bandR. Weinitialized Dtobe 0.999/(a
stable system), where /is an identity matrix, which we found to work
wellin practice in the simulations. We ran the EM algorithm until con-
vergence (defined as a log data likelihood increase of <1076 or 1,500
iterations, whichever came first). This maximum number of iterations
was chosen heuristically, by noting empirically that the latent variables
do not change substantially beyond this point.

Deconvolution-linear dynamical system. Because fluorescence
traces are an indirect measure of spiking activity, we also considered
atwo-stage approach, whereby we first deconvolve the fluorescence
traces one neuron at a time to estimate the underlying spiking activ-
ity, then apply a standard dimensionality-reduction method, in this
case LDS, to those deconvolved estimates. We refer to this two-stage
method as deconv-LDS.

For the deconvolution stage of deconv-LDS, we used the ‘online
active set method to infer spikes’ (OASIS), developed by Friedrich
and colleagues®, using their L, regularization. We also tested their L,
regularization and found the L, regularization to work better for our
datasets. As per Friedrich et al., this first-order autoregressive model
for OASIS is described for each neuron as

ye=ac,+b+e, € ~N(O,d?) “)
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Cr=VCr1+5: (5)

wherey,istherecorded fluorescence at timet, c,represents the calcium
concentration at time ¢, €,captures imaging noise independent of the
calciumand spiking activity, ands,is the spiking activity. The parameter
arelates the calcium concentration to fluorescence, b accounts for the
baseline fluorescence, o captures the variance of the imaging noise,
and y specifies how quickly the calcium trace decays, which depends
onthecalciumindicator. Additionally, thereis a hyperparameterinthe
OASIS model—minimum spike size—that sets the minimum value of s,
that would beidentified. In thismodel, all variables are scalarsand aiis
constrained to be non-negative. We initialized OASIS with y values that
are typical for the calcium indicators used” (Supplementary Table 1),
and allowed OASIS to optimize a, b, y, 0 and the minimum spike size.

Applying deconvolution to the recorded fluorescence traces
returned estimates of the time course of spiking activity for each neu-
ron, s,.. We then used the estimated spiking activity of all the neurons
astheobservations y, € R?¥!fortime pointst=1, ..., Tinthe LDS model
defined in equations (1) to (3).

Calcium imaging linear dynamical system. CILDS unifies the
approaches described above by allowing estimates of shared activity
among neurons (thatis, the latent variables) toinfluence the estimates
of deconvolved spiking activity, and vice versa. In other words CILDS
performs deconvolution for all neurons and dimensionality reduc-
tion jointly, ina unified framework. This is in contrast to deconv-LDS,
which deconvolves the activity of each neuron independently. With
low-dimensional latent variables that are jointly estimated with the
model of calcium decay, CILDS is better able to peer through the cal-
ciumdecay tomore clearly identify the shared activity among neurons,
ascompared todeconv-LDS and LDS applied directly on fluorescence.

Lety, € R?Ibethe high-dimensional vector of fluorescence traces
recorded ateachtime point¢, where gis the number of neuronsimaged
simultaneously. The goalisto extract a corresponding low-dimensional
latent variable z, € RP*! at each time point, where p is the number of
latent dimensions (p < g). The observation model follows the multivari-
ate form of equation (4) that was used for deconvolution:

y.=Bc,+€, V,~N(O,R) (6)

where B € R?*9maps the calcium concentration to the recorded fluo-
rescence, R € R77is the fluorescence noise covariance,and¢=1, ..., T.
We constrained Band Rto be diagonal to allow each dimension of ¢, to
represent the calcium concentration of one neuron. Baccounts for all
experimental variables influencing the scale of the signal from each
neuron, such as the amplification of the imaging system®, and R
accounts for fluorescence fluctuations independent of calcium con-
centration. Here, we omit the additive offset found in equation (4)
without loss of generality due to the offset included in equation (7).

Similar to equation (5), the calcium decay for each neuron is
described using afirst-order autoregressive model

¢, =Ic1+Az,+b+w, W, ~N(O, Q) 7)

¢ ~ Ny, V) (8)

where I" € R9%9 captures the calcium decay, 4 € R? is the loading
matrix that describes how the latent variable maps to calcium concen-
trations, b € R? is a constant vector, Q € R7 captures the spiking
variability independent toeach neuron, p; € R?land V; € R7*9describe
the mean and variance of the calcium concentration at the first time
point, respectively,and¢=2, ..., T. Our key innovationis to replace the
spiking activity s, from equation (5) with Az, + b + w,. By analogy to
factor analysis, Az, describes the shared activity among neurons, and
w.describes the activity independent to each neuron. We constrain I,

Qand V;tobediagonal to preventintermixing among neurons outside
of the loading matrix. The form of I"allows each neuron to have a dif-
ferent calcium decay as determined by the fitting procedure (see
below), which can depend on the extent of calcium buffering within a
cell and the calciumindicator used™*>**,

Similar to LDS, the low-dimensional latent variables z,evolve over
time according to alinear dynamical system

z,=Dz, +Vv,, V,~N(O,P) 9)

z; ~ N(hy, Gy) (10)
where D € RP*?is the dynamics matrix, P € R?*Pis the dynamics noise
covariance, h, € RP*'and G, € R”*Parethe meanand covariance of the
latent variable at the first time point, respectively,and t=3, ..., T. We
constrained D, Pand G, to be diagonal here as aform of regularization,
although amodel with these parameters unconstrained could also be
used. Note that, accordingto equation (7), z,is thefirst latent variable
inthe time series (thatis, thereisno z,).

Equations (6) to (10) define CILDS. The joint estimation of the
parametersB,R,[,A,b,Q,n, V,, D, P, h,and G, allows CILDS to leverage
the entire recorded neural population to perform deconvolution and
estimate latent variables ina unified fashion. CILDS canbe viewed asa
special case of the standard LDS, where the parameters are constrained
inaspecific way. We fit CILDS using the EM algorithm, initialized using
deconv-LDS run for100 EMiterations. The EM algorithm was run until
convergence, defined as alog datalikelihood increase of <10 or 1,500
iterations, whichever came first. The maximum number of iterations
was chosen by noting empirically that the latent variables donot change
substantially beyond this point. The EM equations for CILDS are pro-
vided in the Supplementary Information.

Calcium imaging factor analysis. To evaluate the importance of
incorporating alatent dynamical system in dimensionality reduction
methods for calciumimaging, we developed amethod (CIFA) identical
to CILDS, with the only difference being that CIFA does not enforce
latent dynamics. Like CILDS, CIFA also uses equations (6), (7) and (8).
The only difference between CIFA and CILDS is that we replaced the
latent dynamical system equations (9) and (10) with

z, ~N(@O, ) (€8))

fort=2, ..., T.In other words, CIFA defines latent variables that are
independentacross time, whereas CILDS defines latent variables that
evolve smoothly over time. Like CILDS, we fit CIFA using the EM algo-
rithm, initialized using parameters from deconv-FA run for 100 EM
iterations. The EM algorithm was run until convergence, defined as a
log datalikelihoodincrease of <10 or 1,500 iterations, whichever came
first. The EM equations for CIFA are the same as for CILDS (Supplemen-
tary Information), without the equations estimating D, P, h, and G,.
Notethat thereisnoloss of generality by setting the prior distribution
ofz,to N(0, /), compared to a general Gaussian distribution. Addition-
ally, although CIFA has FAinits name, thereis one key difference from
FA.Whereas FA can be fit on data with no concept of time, CIFA requires
atime series for deconvolution (equations (7) and (8)).

Simulation framework

We created a framework to simulate fluorescence recordings from
calcium imaging for two reasons. First, in calcium imaging record-
ings, the ground-truth latent variables are unknown. A simulation of
fluorescence traces from known latent variables allows us to directly
evaluate our dimensionality-reduction methods by comparing the esti-
mated latent variables with the ground-truth latent variables. Second,
we wanted a simulation framework in which we could systematically
vary various experimentally relevant parameters to see their effects on
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the estimated latent variables. Specifically, we evaluated our ability to
recover the ground-truth latent variables as a function of the timescale
ofthelatent variables, the number of neurons, the calcium decay rate
andthesize of the fluorescence noise. The simulation procedure con-
sists of first generating fluorescence traces from known latent variables
while varying the experimentally relevant parameters listed above. We
then applied each dimensionality-reduction method to estimate latent
variables from the simulated fluorescence traces. The estimated latent
variables were then compared to the ground-truth latent variables.
The steps of this procedure are detailed in the following.

Generating fluorescence traces. To simulate fluorescence traces, we
firstdrew p Gaussian processes (GPs), where each GP has Ttime points
at 1 -ms time resolution. We denote the ith GP as z; . € R™*7, where
i=1,...,p. The GP allows us to specify the covariance K € R™T for the
lth GP across the Ttime points as

z; . ~ N(0, K;), where the (¢, t;) element of K; is (12)

Ki(ty, &) = 02 exp(- & = )>+02 Bt 1)

where ¢, t,=1, ..., Tare any two time points. Here, we chose the com-
monly used squared exponential covariance function. The squared
exponential covarianceis defined by its signal variance 2, € R,, char-

acteristictimescale 7; € R,,and noise variance o2 , € R.. The Kroneker
delta 6, equals1ift;=¢,and O otherwise. We set 02 =1-02 sothat
the latent variable z, € RP¥1at every time point has mean 0 and avari-

ance /. The vector z, comprises the tth time point from each of the p
Gaussian processes. The noise variance o2 ;must be nonzero to ensure
thatK;isinvertible, so for practical purposeswe seto?, =10~ ° Wenote
thatanLDS canalsobe used tointroduce latent dynamlcs but we chose
to use a GP due to the ease by which we can generate stationary time
series with specified timescales. Furthermore, using a GP introduced
model mismatch for all of the dimensionality reduction methods,
which enables a more meaningful comparison across methods.

Next, we projected the low-dimensional latent variables z,into the
high-dimensional neural space to obtain neural firing rates for each of
gneurons at each time pointt=1, ..., T. We then imposed a rectifying
nonlinearity applied element-by-element using log(1 + exp(Wz, + p)),
where W € R7*is the loading matrix and p € R9is a constant offset,
to ensure that the firing rates are non-negative. We generated binary
spikes s, € R? at each time point using an inhomogeneous Poisson
process with time-varying rates defined by the output of this rectifying
nonlinearity. This allows us to assess how the dimensionality-reduction
methods, which assume Gaussian noise for mathematical tractability,
would perform on realistic spiking variability that is not Gaussian.
Finally, we obtained the calcium concentration ¢, € R?!using a first-
order autoregressive model and fluorescence y, € R7<, asinref. 34:

c,=Ic_;+8; (14)

y: =Bc,+b +¢€, €~ N0, R) @1s)
where I" € R*9 determines how quickly the calcium decays, B € R7%
relates the calcium concentration to the fluorescence, b € R?!is the
baseline fluorescence, R € R74is the imaging noise covariance, and
t=1,..., T,atthe same (1-ms) resolution as the GP. We set [, Band R to
be diagonal. We specified I such that the decay constants approxi-
mately matched the decay constants of GCaMP6f, GCaMP6m and
GCaMPés, foundinref.13 (Supplementary Table1). Brepresents experi-
mental variables influencing the scale of the calcium signal of each
neuron, such as the amplification of the imaging system. Bis set as the
identity matrix and b is set to be 0 in our simulations. We varied the

signal-to-noise ratio by varying R to simulate low, medium and high
noise regimes (Supplementary Table 1).

For each simulation run, we simulated p =10 latent variables,
where each latent dimension had the same latent timescale for ease
of interpretation. Across different settings of experimentally relevant
parameters, we explored a range of timescales 7 € {50,100, 200, 1,00
0,2,000, 5,000} ms. To define loading matrices W that were realistic
for spiking activity, we used electrophysiological recordings with
94 neurons®. Across runs, we tested g € {20, 50, 94} neurons. For the
g =20 and g =50 cases, we randomly subsampled the electrophysi-
ological recordings. To avoid a start-up transient at the start of every
trial from the calcium model, we generated two long fluorescence
traces for each neuron, each 6,000,000 time points long (1-ms reso-
lution). One fluorescence trace was used for training, and the other
for testing. We divided each trace into 100 trials. Each trial was 60 s
long, comprising 60,000 time points. Finally, having generated these
fluorescencetraces at1kHz, we downsampled the fluorescencerate to
amoretypicalimagingrate of 40 Hz (2,400 time points per trial). The
simulation parameters are summarized in Supplementary Table 1. See
the practical considerations in the Supplementary Information for how
we generated GPs with 6,000,000 time points within the computer’s
memory constraints.

Evaluation of dimensionality-reduction methods. We applied the
four dimensionality-reduction methods to the simulated fluorescence
traces to evaluate how accurately each method reconstructed the
ground-truth latent variables. Rather than simulating fluorescence
traces directly from the generative models of the dimensionality-
reduction methods, we simulated fluorescence traces in a way that
introduced model mismatch, which is present when applying any
statistical method to real-world data. We first generated the latent
variables using Gaussian processes, rather than using an LDS. We then
simulated spike trains based on the latent variables using an inhomo-
geneous Poisson process, rather than adding Gaussian noise to the
firing rates. We believe the presence of model mismatch strengthens
our results with simulated data.

We used two-fold cross-validation in estimating the accuracy of
latent-variable recovery, so that the model parameters were fit using
half of the data (100 training trials, each with 2,400 time points), and
those parameters were then used to estimate the latent variablesin the
other half of the data (100 held-out trials). For all methods, the latent
variables are only unique up to an arbitrary linear transformation. To
compare the estimated and ground-truth latent variables, we aligned
themusing the following procedure. First we split the estimated latent
variables for each test fold into two further inner halves. We concate-
nated the trials over time, such that the estimated latent variables are
defined as Z € rRP*7, and the ground-truth latent variables are defined
as Z e RP<T, where p =10 is the dimensionality of the latent variables
and T = 120,000 for one inner half. We then applied linear regression
to relate Z and the Z corresponding to that i inner half. This yielded a
transformation matrix W, where W = (Z2')(ZZ')” Flnally we used Wto
align the Z corresponding to the other inner half to obtain the trans-
formed estimated latent variables Z = WZ, where Z € RPXT, We per-
formed the same procedure to align each inner half of each
cross-validation fold. InFigs. 3 and 4, we provide each dimensionality-
reduction method with the number of ground-truth latent variables
(p=10) tobe extracted. We also performed an analysis where we varied
the number of extracted latent variables for a fixed number of ground-
truth latent variables (Supplementary Fig. 10).

We computed the accuracy of the ithtransformed estimated latent
variables as

7 . (i 2
Zt=1 (zgl) _ ZE!))

R?=1- =& o
e @7 - 20)
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where 21 € Risthe (i, £) entry of Z,and 2 € Risthe (i, £) entry of 2. The
mean of the ith ground-truth latent variable across time is defined as
29 e R,wherei=1, ..., p. Alarger R? means abetter match between the
estimated latent variables and the ground-truth latent variables, based
on the proportion of total variance (of the ground-truth latent varia-
bles) explained. R* has an upper limit of 1, and any value below 0 indi-
cates that the estimate is poorer than when using the ground-truth
mean. We repeated this process for each cross-validation fold and
averaged theresults across all platent dimensions and folds. It isimpor-
tanttonote thatbecause the results are cross-validated, adimension-
ality-reduction method with more parameters will not necessarily
outperform a method with fewer parameters.

Experimental data

Larval zebrafish. Neurons were imaged from the DRN of larval
zebrafish while they engaged in a ‘fictive swimming’ motosensory
gain adaptation task*’. Calcium imaging was performed using light-
sheet microscopy at 30 Hzon asingle plane of narrow areaaround the
DRN. This was performed with Tg(elavi3:GCaMPé6f)" fish expressing
GCaMPé6fin the cytosol®’. We analyzed baseline-corrected fluorescence
recordings fromthreefish, the same dataused inref. 40.Inthe task, the
fish underwent an initialization period of 20 s to increase locomotor
drive, a training period in which the fish attenuated their locomotor
drive,and adelay period of 10 s which stopped the fish from swimming.
Finally, there was a test period of 5 s to probe the extent to which the
attenuated locomotor drive persisted throughout the delay period.
There were three different training period lengths of 7,15 or 30 s. We
combined the data from the different training periods. We included
only the20-sinitialization period and thefirst 7 s of the training period
of each trial. Thus, the analyzed portion of each trialisnominally identi-
cal. For eachfish, this yielded 15 trials, each 27 s long. We analyzed 22,
19 and 19 neurons imaged from the DRN of each fish, respectively. All
experiments presented in this study were conducted according to the
animal research guidelines from NIH and were approved by the Insti-
tutional Animal Care and Use Committee and Institutional Biosafety
Committee of Janelia Research Campus.

Mouse. Two-photon calciumimaging was performed in the binocular
zone of V1in awake head-fixed mice resting on top of a floating spheri-
cal treadmill*. GCaMP6f was expressed in excitatory neurons and
imaged at15.5 Hz. We analyzed recordings from three mice (two male,
one female, age 42-80 days). These were homozygous Emxlcre mice
(Jackson Laboratories, stock no. 005628) crossed with homozygous
Ai93/heterozygous Camk2a-tTA mice (Jackson Laboratories, stock no.
024108). Experimental mice were heterozygous for all three alleles.
Mice were positioned to passively view static sinusoidal gratings,
without reward. There were 180 gratings presented, comprising 12 dif-
ferent orientations equally spaced with range {0-165}° and 15 different
spatial frequencies equally spaced withrange {0.02-0.30} cycles per
degree. Each ‘trial’ was a 196.7-s-long recording (3,049 time points),
comprising four presentations of each of the 180 possible gratings
in random order. Each presentation lasted 250 ms without an inter-
vening gray screen. The onset time of the first stimulus relative to
the beginning of the recording was varied. This means that thereis a
short period of time recorded before the first stimulus is shown, and
ashort period of time recorded after the last stimulus is shown. The
experiment comprised 15 trials for each mouse. We analyzed 133, 252
and 319 neurons from the V1 of each mouse (labeled mouse 1,2 and
3, respectively). These mice correspond to mouse2317, mouse2320
and mouse2209 in the experiments. All experimental procedures
were compliant with the guidelines established by the Institutional
Animal Care and Use Committee of Carnegie Mellon University and
the National Institutes of Health, and all experimental protocols were
approved by the Institutional Animal Care and Use Committee of
Carnegie Mellon University.

Data analysis

Leave-neuron-out fluorescence prediction. We sought to compare the
four dimensionality-reduction methods using experimental data. Inthe
experimental data, ground-truthlatent variables are unknown, and sowe
could not use the same evaluation procedure of comparing estimated
and ground-truth latent variables asin the simulations. Furthermore, the
cross-validated datalikelihoods are not comparable across all methods.
Hence, to compare the four methods, we performed aleave-neuron-out
fluorescence prediction test to determine which method best summa-
rizes the neuronal activity with low-dimensional latent variables®*’.
The intuition is that a method that provides a better summary of the
population activity using the latent variables would be better able to
predict the activity of held-out neuronal fluorescence traces.

Fortheleave-neuron-out fluorescence prediction, we performed
five-fold cross-validation. We first split the trials into five equal-sized
folds. For a given dimensionality reduction method, we fit the model
parameters using four of the folds. With the remaining validation fold,
we estimated the latent variables using all but one neuron, and then
predicted the activity of that held-out neuron using those estimated
latent variables. We did this for every neuron in the validation fold. In
the same manner, we performed leave-neuron-out fluorescence pre-
dictions for the remaining folds and thus obtained predictions of the
fluorescence activity for all the neurons at all time points.

After predicting the leave-neuron-out fluorescence for each neu-
ron using each dimensionality reduction method, we computed the
Pearson’s correlation coefficient between the predicted fluorescence
andthe ground-truth fluorescence for every neuronandevery trial. For
each neuron, we then use the correlation values obtained for all the
trials to apply a paired two-tailed ¢-test (across 15 values per neuron
for the larval zebrafish DRN recordings, and 15 values per neuron for
the mouse V1 recordings). We indicated the neurons for which the
difference in leave-neuron-out fluorescence prediction correlation
values between CILDS and each of the other methods was statistically
significant (P < 0.05; Figs. 5and 6, and Supplementary Figs. 5, 6 and 8).
For the fish (Fig. 5), we found that CILDS outperforms LDS (59% of red
points above the diagonal), deconv-LDS (100% of red points above the
diagonal) and CIFA (93% of red points above the diagonal). For the mice
(Fig. 6), we found that CILDS outperforms LDS (68% of red points above
the diagonal), deconv-LDS (84% of red points above the diagonal) and
CIFA (99% of red points above the diagonal).

Performing the leave-neuron-out prediction procedure requires
selecting the latent dimensionality p for each method. The classic way
of finding the optimal latent dimensionality is through nested cross-
validation. Nested cross-validation uses, in this case, the five-fold
cross-validation described earlier as the outer folds. Within each outer
fold, thetraining portions are then used to perform aninner four-fold
cross-validation to determine the latent dimensionality that maximizes
the cross-validated datalikelihood. We used this latent dimensionality
to estimate the model parameters using the same four training folds.
These model parameters were then used for the leave-neuron-out pre-
diction procedure of the remaining (validation) outer fold. Note that
although the cross-validated datalikelihood is not comparable across
methods, itis comparable across different latent dimensionalities for
the same method. To illustrate the model selection process, we show
how the cross-validated datalikelihood varies with dimensionality for
bothfishand mice, whichisrepresentative of how the cross-validation
procedureis carried out for each outer fold (Supplementary Fig. 11).

For the larval zebrafish DRN recordings, we selected the latent
dimensionality for each dimensionality-reduction method (LDS, 17;
deconv-LDS, 17; CILDS, 7to17; CIFA, 3 to 5) using nested cross-valida-
tion, as described above. For the mouse V1 recordings, nested cross-
validation would have required us to fit the model 25 times, for which
the running time would have been prohibitively long. For this reason,
we selected dimensionality for the mouse V1leave-neuron-out analysis
by assessing the cross-validated decoding performance. We found that
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the performance of all dimensionality-reduction methods increased
with latent dimensionality across the range of dimensionalities tested
(5-50). We thus used a latent dimensionality of 50 for all methods for
cross-validated leave-neuron-out predictionin mouse V1.

Decoding analysis. Another way to assess how meaningful the
extracted latent variables are is by decoding external variables from
the latent variables*. For the larval zebrafish recordings, there is no
moment-by-moment behavior that can be decoded from the neural
activity. In the mouse recordings, we can decode the orientation and
spatial frequency of the grating stimuli. Tobegin, we applied the dimen-
sionality-reduction methodsto the mouse recordings. We thenapplieda
linear Gaussian naive Bayes classifier® to the extracted latent variables:

1

- a7
Qx| sp

P(z|Cy) = exp[—(z - m) =74z - py)]

where z € RP¥!isthe latent variable averaged across the time pointsin
a250-ms window corresponding to a given stimulus C,, k=1, ..., 180.
The parameters of the classifier are p,, the mean of the latent variables
corresponding to class k, and X, the covariance of the latent variables
across trials. We constrain 2 to be diagonal and the same across all
classes. The parameters p, and 2 are fit by maximizing the likelihood
of the training data using five-fold cross-validation.

We then used the parameters found from the training data to clas-
sify the held-out dataaccording to

y = argmax P(Cy = y|z) (18)
y

where yis the predicted class label (1, ..., 180). We then computed the
accuracy of the predicted class labels against the true class labels
(chancelevelis é).Ahigher accuracyindicatesthat thelatent variables
are better at capturing the shared modulations among neurons that
are relevant to the visual stimulus. For latent dimensionalities
{5,10, 20, 30, 40, 50}, we fit each dimensionality-reduction method
using all data. We then performed five-fold cross-validation in the
decoding stage.

To decode visual stimuli, there are two considerations. First, visual
information takes time toarrive inthe visual cortex, sothereisaneed to
shift the window of neural activity relative to the stimulus presentation.
Second, there is an additional time delay introduced by the calcium
indicators. Unlike deconv-LDS and CILDS, LDS does not attempt to
remove the calcium decay. Hence, we expected alonger latency for LDS
thanfor deconv-LDS and CILDS. To determine the appropriate window,
we considered arange of time lags and evaluated their cross-validated
classificationaccuracy. We found that the best cross-validated accuracy
was obtained for afour-time-point (260 ms) shift for LDS, and a three-
time-point (190 ms) shift for deconv-LDS and CILDS. Accordingly, we
used these time lags toreport the classification accuracy of our decod-
ing analysis (Fig. 6g).

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this Article.

Data availability

Larval zebrafish DRN data are available at https://doi.org/10.6084/
m9.figshare.21646682 (ref. 65). Mouse V1 data are available at https://
doi.org/10.12751/g-node.wc3f8g (ref. 66) Source data are provided
with this paper.

Code availability

AMATLAB implementation of CILDS is available on GitHub at https://
github.com/kohth/cilds and on Zenodo at https://doi.org/10.5281/
zenodo.7388544 (refs. 67)
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