




Figure S7. EXTRACT detects spiny projection neurons in multi-plane two-photon imaging

data acquired in dorsal striatum.

(A) We re-analyzed previously published datasets40 in which we had used dual-color, multi-plane

two-photon imaging to track the Ca2+ dynamics of spiny projection neurons of the basal ganglia’s

direct and indirect pathways (dSPNs and iSPNs) in the dorsomedial striatum of head-fixed mice at

liberty to walk or run on a wheel. Both neuron-types expressed GCaMP6m, but only dSPNs

expressed an additional red fluorophore, tdTomato. Within each mouse we sampled SPN Ca2+

dynamics within four different optical focal planes spaced 15 μm apart in the axial dimension. 

(B) We ran EXTRACT on the Ca2+ imaging data acquired from each of the four different planes.

Following cell extraction, we identified each neuron as either an iSPN or a dSPN according to

whether the cell expressed tdTomato or not, in addition to GcaMP6m. 

(C) An example cell identified in all four planes. After running EXTRACT, we merged multiple

instances of single cells on different planes based on correlations among spatial and temporal

components across planes.

(D–F) The identified components of a representative set of 10 dSPNs and 10 iSPNs. (D) Cell

images for iSPNs (left) and dSPNs (right). (E) Ca2+ traces of the dSPNs shown in (A) with matching

cell IDs. (F) Ca2+ traces of the iSPNs shown in (A) with matching cell IDs.

(G, H) We used support vector classifiers in conjunction with regularized linear regression to detect

movement and predict the locomotor speed simultaneously, using the detected events from the

ΔF/F traces of the algorithm output. (G) When we deployed this method for iSPNs and dSPNs

separately, we observed that the estimated locomotor speed tracked very closely the actual speed

on a held-out test portion of the data with both populations. (H) We quantitatively measured the
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prediction performance by computing the Pearson’s correlation coefficient between the predicted

and the actual locomotor speed on randomly held-out test data over repeated runs. By using either

iSPN or dSPN population activity, we could reach reasonably high correlation values, consistent

with Ref.40. 

119

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 17, 2024. ; https://doi.org/10.1101/2021.03.24.436279doi: bioRxiv preprint 

https://paperpile.com/c/TEGYul/xHG3
https://doi.org/10.1101/2021.03.24.436279
http://creativecommons.org/licenses/by/4.0/


Figure S8
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Figure S8. EXTRACT identifies dendritic Ca2+ activity in cerebellar Purkinje and neocortical

pyramidal neurons in live mice. 

(A, B). Cell maps of cerebellar Purkinje neuron dendritic trees (left panels), along with the

extracted spatial forms (middle panels) and corresponding Ca2+ traces (right panels) for 10 example

cells in each of two mice, as obtained by applying EXTRACT to Ca2+ activity datasets acquired in

live mice with a two-photon mesoscope1. EXTRACT found the dendritic trees of 507, (A), and 646,

(B), Purkinje neurons in the two mice. 

(C, D) Analogous panels to those in (A), (B) but for Ca2+ videos acquired with a conventional

two-photon microscope in the layer 1, apical dendrites of neocortical pyramidal neurons in live

mice. EXTRACT found 860 dendritic segments, (C), and 905, (D), dendritic segments for layer 2/3

and layer 5 pyramidal neurons, respectively, in the two mice. 
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Figure S9

Helpful tips for cell extraction

General settings

Cell finding module

Cell refinement module

Final robust regression module

A Visual Quick Start Guide to EXTRACT

Input movie Expected cell radius
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Lowpass filter (cell finding only)

Highpass filter
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λcutoff    r ×spatial_lowpass_cutoff 
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For EXTRACT to optimize kappa
adaptively, set

Sets the threshold for peak finding
σ = baseline pixel noise in the movie

cellfind_adaptive_kappa
= true
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Peak SNR of the

candidate cell
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>

κ =                  cellfind_kappa_std_radio × σ

Robustness parameter κ

trace_output_option

'baseline_adjusted'
'nonneg'

The final Ca2+ activity traces
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How to speed up cell extraction with 
graphics processing units
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downsample_time_by

use_gpu

multi_gpu

GPUGPUGPUGPUGPUGPU
GPUGPUGPUGPUGPUCPU

GPU CPU

parallel_cpu
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Downsample the movie in time for faster
cell finding and refinement
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num_workersFor both cases,                       sets how  
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remove_duplicate_cells

Deal with overlapping
patches

Partition the movie spatially

num_partitions_x
num_partitions_y

y

x

remove one 
keep the other

Input Movie

Movie Preprocessing

Robust Cell Finding 

Cell Refinement

Final Robust Regression

EXTRACT has several helper functions to improve
cell extraction process and perform quality control

Save processed movie preprocess_save.m

Watch the movie view_movie.m

Always check a representative movie!

visualize_cell_finding = true
During hyperparameter optimization, set

max_iter = 0

hyperparameter_tuning_flag = true
During hyperparameter optimization, set

Two relevant functions to check final outputs:
plot_stacked_traces_double.m

plot_cellmap.m

See tutorial 4 

See tutorial 5

See tutorial 6

See tutorial 3 

See tutorial 2

Discard false positives via spatiotemporal metrics:

size_lower_limit × πr2 < Cell Area < size_upper_limit × πr2

For a pair, if spatial corr. > S_dup_corr_thresh remove one 

in units
of σ

keep the other

To let EXTRACT optimize kappa, set
(κ = kappa_std_radio × σ)adaptive_kappa = true

Set how many times to iterate using

Quality metrics

max_iter

Remove if maximum signal < T_min_snr × σ See tutorial 1

Spatial corruption captures the non-uniformity in cells’ spatial profiles:
spatial_corrupt_threshremove neurons if spatial corruption >
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Figure S9. A visual guide to EXTRACT’s internal workings and hyperparameters.

We designed six tutorials to help new users adopt EXTRACT, each of which provides a deep look

into a distinct aspect of EXTRACT. Besides the cell extraction routine, EXTRACT’s Github

repository59 includes helper functions to facilitate pre-processing of Ca2+ imaging movies and

visually inspect the cell extraction results. Supplementary Note 5, a detailed user manual, utilizes

the six tutorials and discusses the codebase.
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