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563  Figure 1. Data organization and network architectures. (A) Single representative neuron
564  GCaMP6 trace over a ~63-minute session. (B) 3D arrays were constructed where rows, columns,
565  and ranks corresponded to scenes, neurons, and frames respectively. (C) Temporal breakdown of
566  scenes and frames. Architectures utilized: (D) support vector machine (SVM), (E) single hidden-
567 layer neural network (SNN), (F) two hidden-layer neural network (DNN), and (G) convolutional
568  neural network (CNN).
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607  Figure 2. Decoding accuracy for six regions of the mouse visual cortex. (A) Peak accuracies
608 across all frames for four different machine learning architectures. (B) Heatmap plot overlaid onto
609 a horizontal view of the mouse visual cortex indicating cortical subregions as a function of
610  accuracy (0-100%) using a CNN; data from (A). (C) Frame-by-frame accuracies for each region
611  when decoding was performed using a CNN. Scene 1 refers to scene presented prior to the scene
612  that the trace is labeled by. Scene 2 is the proximal scene, (the scene the trace is labeled by and the
613  one being decoded). Scenes 3 and 4 are the two distal scenes presented after the proximal scene.
614 (D) Peak accuracies across all frames for four machine learning architectures are shown when
615  neuronal inputs for each region were limited to 1514 randomly-chosen neurons. (E) Heatmap plot
616  overlaid onto a horizontal view of the mouse visual cortex indicating cortical subregions as a
617  function of accuracy (0-100%) using a SNN; data from (D). (F) Frame-by-frame accuracies for
618  each region when decoding was performed using a SNN. Scene classification as described in (C).
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652  Figure 3. Decoding accuracy for the top neuronal populations parcellated by region, neuron
653  type, and cortical depth. (A) Peak accuracies across all frames for four machine learning
654  architectures are shown. (B) Peak accuracies across all frames for four machine learning
655  architectures are shown when limited to 250 randomly-chosen neurons.
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697  Figure 4. Decoding accuracy for the top neuronal populations parcellated by region, neuron
698  type, and cortical depth selected after biologically-inspired and feature classifications. (A)
699  Peak accuracies across all frames for four machine learning architectures are shown when neurons
700  for each region were limited to high mean responding neurons. (B) Peak accuracies across all
701  frames for a SNN are shown when limited to 583 high mean responding and 583 non-high mean
702  responding neurons. (C) Peak accuracies across all frames for a shallow neural network are shown
703  when limited to 35 high mean responding and 35 non-high mean responding neurons. (C) Peak
704  accuracies across all frames for a shallow neural network are shown when neurons for each region
705  were limited to feature selected neurons (G) Breakdown of the 1500 feature selected neurons in
706  VISp during the frame where peak accuracy was achieved.
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742  Supplementary Table 1. Peak accuracies for all regions and machine learning architectures, the
743  frames these accuracies were achieved in, and the number of neurons used for decoding in each
744 region.

745

Regional decoding accuracies, all neurons

Brain Region [ SNN DNN CNN SVM

VISal 70.93% | 69.75% | 68.14% | 58.9%
3803 neurons 15 16 16 17

VISam 39.24% | 37.8% | 34.07% | 15.17%

1514 neurons 16 15 16 16
VISI 85.17% | 85.08% | 86.36% | 74.32%
4962 neurons 16 16 17 17
VISp 93.56% | 93.98% | 94.66% | 87.8%
8661 neurons 17 17 18 18
VISpm 60.25% | 57.71% | 54.66% | 43.22%
3054 neurons 18 16 17 18
VISrl 6.86% | 6.69% | 7.37% | 4.49%
2815 neurons 15 15 15 16
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766  Supplementary Table 2. Peak accuracies for all regions limited to 1514 neurons for each machine

767  learning architecture, and the frames these accuracies were achieved in.

768

Regional decoding accuracies, limited to 1514 neurons

Brain Region [ SNN DNN CNN SVM

VISal 52.37% | 51.77% | 47.71% | 42.54%

15 16 16 16

VISam 39.24% | 37.8% | 34.07% | 15.17%

16 15 16 16

VISI 67.8% | 64.49% | 61.19% | 53.64%

16 17 17 18

VISp 72.2% | 69.32% | 66.69% | 55.34%

17 18 17 17

VISpm 45.25% | 42.29% | 42.29% | 32.71%

18 18 18 18

VISrl 4.66% | 5.51% | 5.17% | 4.07%

15 15 15 15
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790  Supplementary Table 3. Peak accuracies for the top five neuronal populations parcellated by
791  region, neuron type, and cortical depth, for each machine learning architecture, and the frames
792  these accuracies were achieved in.
793
Neuron type/region/depth decoding accuracies, all neurons
Population (Top 5) | SNN DNN CNN SVM
Cux2, VISp, 175pm, | 77.97% | 74.66% | 72.12% | 68.22%
1716 neurons 18 18 18 19
Rorb, VISp, 275pm, | 64.15% | 62.03% | 60.25% | 54.41%
1222 neurons 15 16 16 17
Cux2, VISp, 275pm, | 63.22% | 60.93% | 60.59% | 53.47%
2296 neurons 16 16 16 16
Cux2, VISL, 275pm, | 58.22% | 55.76% | 53.39% | 53.14%
1566 neurons 15 15 16 16
Emx1, VISp, 49.32% | 48.14% [ 45.93% | 45.08%
175pm, 16 15 16 16
579 neurons
794
795  Supplementary Table 4. Peak accuracies for the top five neuronal populations parcellated by
796  region, cell type, cortical depth, and limited to 250 neurons. Accuracies are shown for each
797  machine learning architecture, and the frames they were achieved in.
798
Neuron type/region/depth decoding accuracies, limited to 250
neurons
Population (Top 5) SNN DNN CNN SVM
Rbp4, VISp, 33.22% | 32.37% | 29.58% | 25.85%
375pm 18 18 18 18
Emx1, VISL 175pm | 31.36% | 30.17% | 28.22% | 26.78%
15 15 15 15
Emx1, VISp, 31.02% 30% 29.49% | 28.81%
175pm 15 15 15 15
Cux2, VISp, 28.31% | 27.37% | 26.02% | 25.93%
175pm 17 18 17 17
Rorb, VISp, 275pm | 26.69% | 24.92% | 23.47% | 20.34%
15 15 17 17
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799  Table 5. Peak accuracies for all regions limited to high mean responding neurons for each machine
800  learning architecture, and the frames these accuracies were achieved in.

801
Regional decoding accuracies, all high mean responders
Brain Region SNN DNN CNN SVM
VISal 71.78% | 70.34% | 67.12% | 56.44%
2613 neurons 16 16 16 18
VISam 36.27% | 37.46% | 32.88% | 14.75%
931 neurons 16 15 18 18
VISI 88.14% | 86.53% | 86.19% | 73.05%
3836 neurons 17 16 16 17
VISp 94.49% | 94.41% | 94.92% | 88.31%
7283 neurons 17 18 18 18
VISpm 61.78% | 58.39% | 55.25% | 45.76%
1959 neurons 18 18 18 19
VISrl 6.36% | 7.46% 6.78% 4.32%
1639 neurons 15 15 16 17
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823  Table 6. Peak accuracies for all regions limited to 583 high mean responding and non-high mean
824  responding neurons for a shallow neural network, and the frames these accuracies were achieved

825 in.
826
Regional decoding accuracies, 583 HMRs
vs. 583 nHMRs, shallow neural network
Brain 583 HMRs [ 583 nHMRs
Region
VISal 38.81% 17.54%
15 15
VISam 28.13% 11.02%
16 16
VISI 44.83% 18.56%
16 16
VISp 48.9% 20.17%
18 16
VISpm 32.37% 10.76%
18 16
VISrl 4.41% 2.80%
15 13
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837  Table 7: Peak accuracies achieved with feature selected neurons across six regions of the mouse
838  wvisual cortex and comparison to total HMRs and total neurons in each region. Each cell lists the

839  peak accuracy, the number of neurons in the group, and the frame the accuracy was achieved in.
840

Neuron type/region/depth decoding
accuracies, 35 HMRs vs. 35 nHMRs,

SNN
Population 35 35
(Top 6) HMRs nHMRs
Rbp4, VISp, 10.17% 3.73%
375pm 19 19
Emx1, VIS], 9.07% 4.15%
175pm 17 15
Emxl1, VISp, 8.98% 2.71%
175pm 16 15
Cux2, VISI, 8.56% 3.98%
175pm 18 16
Cux2, VISp, 8.39% 3.81%
175pm 18 18
Rorb, VISp, 6.86% 3.81%
275pm 15 14
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860  Table 8. Peak accuracies for the top six performing neuronal populations limited to 35 high mean
861  responding and non-high mean responding neurons for a shallow neural network, and the frames

862

these accuracies were achieved in.

863
Regional decoding accuracies, Neurons selected by F-
score, mean response, and total neurons
Brain F-test HMRs Total neurons
Region (SNN)
VISal 75.93%, | 71.78%, 2613, | 70.93%, 3803,
1500, 15 16, SNN 15, SNN
VISam 43.14%, 37.46%, 931, | 39.24%, 1514,
250, 15 15, DNN 16, SNN
VISI 90.59%, | 88.14%, 3836, | 86.36%, 4962,
1500, 15 17, SNN 17, CNN
VISp 95.76%, | 94.92%, 7283, | 94.66%, 8661,
1500, 17 18, CNN 18, CNN
VISpm 68.81%, | 61.78%, 1959, | 60.25%, 3054,
1000, 17 18, SNN 18, SNN
VISrl 13.22%, 7.46%, 1639, | 7.37%, 2815,
100, 14 15, DNN 15, CNN
864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879

28


https://doi.org/10.1101/271296

bioRxiv preprint doi: https://doi.org/10.1101/271296; this version posted March 26, 2018. The copyright holder for this preprint (which was not

certified by peer review) is the author/funder. This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also

880

881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924

made available for use under a CCO license.

References

Allen Institute for Brain Science. (Accessed June, 2017). Visual Coding Overview. Whitepaper.
http://help.brain-
map.org/display/observatory/Documentation?preview=/10616846/10813483/VisualCoding Ove

rview.pdf

Barnstedt, O., Keating, P., Weissenberger, Y., King, A. J., & Dahmen, J. C. (2015). Functional
microarchitecture of the mouse dorsal inferior colliculus revealed through in vivo two-photon
calcium imaging. Journal of Neuroscience, 35(31), 10927-10939.

Carlson, T., Tovar, D. A., Alink, A., & Kriegeskorte, N. (2013). Representational dynamics of
object vision: the first 1000 ms. Journal of vision, 13(10), 1-1.

Chang, A. Y. C., Schwartzman, D. J., VanRullen, R., Kanai, R., & Seth, A. K. (2017). Visual
perceptual echo reflects learning of regularities in rapid luminance sequences. Journal of
Neuroscience, 37(35), 8486-8497.

Chollet, F. (2015). Keras.

Cole, J. H., Poudel, R. P., Tsagkrasoulis, D., Caan, M. W, Steves, C., Spector, T. D., & Montana,
G. (2016). Predicting brain age with deep learning from raw imaging data results in a reliable and
heritable biomarker. arXiv preprint arXiv:1612.02572.

Cortes, C., & Vapnik, V. (1995). Support-vector networks. Machine learning, 20(3), 273-297.

Cubelos, B., Sebastian-Serrano, A., Beccari, L., Calcagnotto, M. E., Cisneros, E., Kim, S., ... &
Walsh, C. A. (2010). Cux1 and Cux2 regulate dendritic branching, spine morphology, and
synapses of the upper layer neurons of the cortex. Neuron, 66(4), 523-535.

Deng, J., Dong, W., Socher, R., Li, L. J., Li, K., & Fei-Fei, L. (2009, June). Imagenet: A large-
scale hierarchical image database. In Computer Vision and Pattern Recognition, 2009. CVPR
2009. IEEE Conference on (pp. 248-255). IEEE.

Esfahany, K., Siergiej, I., Zhao, Y., & Park, I. M. (2017). Organization of Neural Population Code
in Mouse Visual System. bioRxiv, 220558.

Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., & Thrun, S. (2017).
Dermatologist-level classification of skin cancer with deep neural networks. Nature, 542(7639),
115-118.

Filippini, M., Breveglieri, R., Akhras, M. A., Bosco, A., Chinellato, E., & Fattori, P. (2017).

Decoding information for grasping from the macaque dorsomedial visual stream. Journal of
Neuroscience, 37(16), 4311-4322.

29


https://doi.org/10.1101/271296

bioRxiv preprint doi: https://doi.org/10.1101/271296; this version posted March 26, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also
made available for use under a CCO license.

925  Froudarakis, E., Berens, P., Ecker, A. S., Cotton, R. J., Sinz, F. H., Yatsenko, D., ... & Tolias, A.
926  S. (2014). Population code in mouse V1 facilitates readout of natural scenes through increased
927  sparseness. Nature neuroscience, 17(6), 851-857.

928

929  Glickfeld, L. L., Reid, R. C., & Andermann, M. L. (2014). A mouse model of higher visual cortical
930  function. Current opinion in neurobiology, 24, 28-33.

931 Gobel, W., & Helmchen, F. (2007). In vivo calcium imaging of neural network function.
932 Physiology, 22(6), 358-365.

933  Graf, A. B., Kohn, A., Jazayeri, M., & Movshon, J. A. (2011). Decoding the activity of neuronal
934  populations in macaque primary visual cortex. Nature neuroscience, 14(2), 239.

935  Graziani, L., Escriva, A., & Katzman, R. (1965). Exchange of calcium between blood, brain, and
936  cerebrospinal fluid. American Journal of Physiology--Legacy Content, 208(6), 1058-1064.

937

938  Harris, K. D., Quiroga, R. Q., Freeman, J., & Smith, S. (2016). Improving data quality in neuronal
939  population recordings. Nature neuroscience, 19(9), 1165.

940

941  Hawrylycz, M., Anastassiou, C., Arkhipov, A., Berg, J., Buice, M., Cain, N., ... & Mihalas, S.
942  (2016). Inferring cortical function in the mouse visual system through large-scale systems
943  neuroscience. Proceedings of the National Academy of Sciences, 113(27), 7337-7344.

944

945  Horikawa, T., & Kamitani, Y. (2017). Generic decoding of seen and imagined objects using
946  hierarchical visual features. Nature Communications.

947  Huber, D., Gutnisky, D. A., Peron, S., O’connor, D. H., Wiegert, J. S., Tian, L., ... & Svoboda, K.
948  (2012). Multiple dynamic representations in the motor cortex during sensorimotor learning.
949  Nature, 484(7395), 473.

950

951 loffe, S., & Szegedy, C. (2015, June). Batch normalization: Accelerating deep network training by
952  reducing internal covariate shift. In International Conference on Machine Learning (pp. 448-456).
953

954  Kaifosh, P., Zaremba, J. D., Danielson, N. B., & Losonczy, A. (2014). SIMA: Python software for
955  analysis of dynamic fluorescence imaging data. Frontiers in neuroinformatics, 8.

956

957 Kampa, B. M., Roth, M. M., Gébel, W., & Helmchen, F. (2011). Representation of visual scenes
958 by local neuronal populations in layer 2/3 of mouse visual cortex. Frontiers in neural circuits, 5.
959

960 Kingma, D., & Ba, J. (2014). Adam: A method for stochastic optimization. arXiv preprint
961  arXiv:1412.6980.

962

963  Klimesch, W., Fellinger, R., & Freunberger, R. (2011). Alpha oscillations and early stages of
964  visual encoding. Frontiers in psychology, 2.

965

966 Lake, B. M., Ullman, T. D., Tenenbaum, J. B., & Gershman, S. J. (2017). Building machines that
967  learn and think like people. Behavioral and Brain Sciences, 40.

30


https://doi.org/10.1101/271296

bioRxiv preprint doi: https://doi.org/10.1101/271296; this version posted March 26, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also
made available for use under a CCO license.

968  Lecoq, J., Savall, J., Vuéini¢, D., Grewe, B. F., Kim, H., Li, J. Z., ... & Schnitzer, M. J. (2014).
969  Visualizing mammalian brain area interactions by dual-axis two-photon calcium imaging. Nature
970  neuroscience, 17(12), 1825.
971
972  Li, H., Lin, Z., Shen, X., Brandt, J., & Hua, G. (2015). A convolutional neural network cascade
973  for face detection. In Proceedings of the IEEE Conference on Computer Vision and Pattern
974  Recognition (pp. 5325-5334).
975
976  Liu, H., Agam, Y., Madsen, J. R., & Kreiman, G. (2009). Timing, timing, timing: fast decoding of
977  object information from intracranial field potentials in human visual cortex. Neuron, 62(2), 281-
978  290.
979
980  Machielsen, W., Rombouts, S. A., Barkhof, F., Scheltens, P., & Witter, M. P. (2000). FMRI of
981  visual encoding: reproducibility of activation. Human brain mapping, 9(3), 156-164.
982
983  Manyakov, N. V., Vogels, R., & Van Hulle, M. M. (2010). Decoding stimulus-reward pairing from
984  local field potentials recorded from monkey visual cortex. [EEE Transactions on Neural Networks,
985  21(12),1892-1902.
986
987  Mohammed, A. 1., Gritton, H. J., Tseng, H. A., Bucklin, M. E., Yao, Z., & Han, X. (2016). An
988 integrative approach for analyzing hundreds of neurons in task performing mice using wide-field
989  calcium imaging. Scientific reports, 6.
990
991  Nakai, J., Ohkura, M., & Imoto, K. (2001). A high signal-to-noise Ca2+ probe composed of a
992  single green fluorescent protein. Nature biotechnology, 19(2), 137.
993
994  Ohki, K., Chung, S., Ch'ng, Y. H., Prakash, K., & Reid, R. C. (2005). Functional imaging with
995  cellular resolution reveals precise micro-architecture in visual cortex. Nature, 433(7026), 597.
996
997  Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., ... & Vanderplas,
998 J. (2011). Scikit-learn: Machine learning in Python. Journal of machine learning research,
999  12(Oct), 2825-2830.
1000
1001  Peron, S., Chen, T. W., & Svoboda, K. (2015). Comprehensive imaging of cortical networks.
1002 Current opinion in neurobiology, 32, 115-123.
1003
1004  Pnevmatikakis, E. A., Soudry, D., Gao, Y., Machado, T. A., Merel, J., Pfau, D., ... & Ahrens, M.
1005  (2016). Simultaneous denoising, deconvolution, and demixing of calcium imaging data. Neuron,
1006 89(2), 285-299.
1007
1008  Quiroga, R. Q., Reddy, L., Koch, C., & Fried, I. (2007). Decoding visual inputs from multiple
1009  neurons in the human temporal lobe. Journal of neurophysiology, 98(4), 1997-2007.
1010
1011  Quiroga, R. Q., & Panzeri, S. (2009). Extracting information from neuronal populations:
1012  information theory and decoding approaches. Nature reviews. Neuroscience, 10(3), 173.
1013

31


https://doi.org/10.1101/271296

bioRxiv preprint doi: https://doi.org/10.1101/271296; this version posted March 26, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also
made available for use under a CCO license.

1014  Resendez, S. L., & Stuber, G. D. (2015). In vivo calcium imaging to illuminate neurocircuit
1015  activity dynamics underlying naturalistic behavior. Neuropsychopharmacology, 40(1), 238.

1016

1017  Romano, S. A., Pérez-Schuster, V., Jouary, A., Boulanger-Weill, J., Candeo, A., Pietri, T., &
1018  Sumbre, G. (2017). An integrated calcium imaging processing toolbox for the analysis of neuronal
1019  population dynamics. PLOS Computational Biology, 13(6), €1005526.

1020

1021  Srivastava, N., Hinton, G. E., Krizhevsky, A., Sutskever, 1., & Salakhutdinov, R. (2014). Dropout:
1022 asimple way to prevent neural networks from overfitting. Journal of Machine Learning Research,
1023 15(1), 1929-1958.

1024

1025  Stosiek, C., Garaschuk, O., Holthoff, K., & Konnerth, A. (2003). In vivo two-photon calcium
1026  imaging of neuronal networks. Proceedings of the National Academy of Sciences, 100(12), 7319-
1027  7324.

1028

1029  Tasic, B., Menon, V., Nguyen, T. N, Kim, T. K., Jarsky, T., Yao, Z., ... & Bertagnolli, D. (2016).
1030  Adult mouse cortical cell taxonomy revealed by single cell transcriptomics. Nature neuroscience,
1031  79(2), 335.

1032

1033 Tian, L., Hires, S. A., Mao, T., Huber, D., Chiappe, M. E., Chalasani, S. H., ... & Bargmann, C. L.
1034 (2009). Imaging neural activity in worms, flies and mice with improved GCaMP calcium
1035  indicators. Nature methods, 6(12), 875-881.

1036

1037  Tomek, J., Novak, O., & Syka, J. (2013). Two-Photon Processor and SeNeCA: a freely available
1038  software package to process data from two-photon calcium imaging at speeds down to several
1039  milliseconds per frame. Journal of neurophysiology, 110(1), 243-256.

1040

1041  Vinck, M., Batista-Brito, R., Knoblich, U., & Cardin, J. A. (2015). Arousal and locomotion make
1042  distinct contributions to cortical activity patterns and visual encoding. Neuron, 86(3), 740-754.
1043

1044  Walt, S. V. D., Colbert, S. C., & Varoquaux, G. (2011). The NumPy array: a structure for efficient
1045  numerical computation. Computing in Science & Engineering, 13(2), 22-30.

1046

1047  Warland, D. K., Reinagel, P., & Meister, M. (1997). Decoding visual information from a
1048  population of retinal ganglion cells. Journal of neurophysiology, 78(5), 2336-2350.

1049

1050  Yamins, D. L., Hong, H., Cadieu, C. F., Solomon, E. A., Seibert, D., & DiCarlo, J. J. (2014).
1051  Performance-optimized hierarchical models predict neural responses in higher visual cortex.
1052 Proceedings of the National Academy of Sciences, 111(23), 8619-8624.

32


https://doi.org/10.1101/271296

