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- Microscales: D
- Electron microscopes
- Cell staining
- Viral neuronal tracing
- Mesoscales:
- Tract-tracing
- High-field MRI
- Macroscales:
- Diffusion MRI
- Diffusion tensor imaging

Research has
the roundworm
Caenorhabditis elegans (White et al., 1986,2l Varshney

et al., 20111)), of a mouse
retinal¥l and mouse primary visual cortex/®l
. Other

reconstructions, such as Bock et al.'s 2011 complete
, are publicly available through
services such as NeuroData.l€l

“...to map the human cerebral cortex, HCP researchers
analysed

, says Kamil Ugurbil, the HCP's co-
principal investigator at the University of Minnesota in
Minneapolis. Labs can download those data from the
project's website or, for larger data sets,


https://en.wikipedia.org/wiki/Nematode
https://en.wikipedia.org/wiki/Caenorhabditis_elegans
https://en.wikipedia.org/wiki/Connectome#cite_note-Royal_Society_B_1986-2
https://en.wikipedia.org/wiki/Connectome#cite_note-PLoS_Computational_Biology_2011-3
https://en.wikipedia.org/wiki/Retina
https://en.wikipedia.org/wiki/Connectome#cite_note-Brig-4
https://en.wikipedia.org/wiki/Primary_visual_cortex
https://en.wikipedia.org/wiki/Connectome#cite_note-Bock-5
https://en.wikipedia.org/wiki/Terabyte
https://en.wikipedia.org/wiki/Connectome#cite_note-Van_EssenSmith2013-6
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2. Estimate IC equivalent current dipole locations
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Brain Parcellation Survey

@ @B B O
@ H S H
o O P &

“Using resting-state functional MRI (rs-fMRI) data and several quantitative evaluation techniques, 10
subject-level and 24 groupwise parcellation methods are evaluated at different resolutions. The
accuracy of parcellations is assessed from four different aspects: (1) reproducibility across different
acquisitions and groups, (2) fidelity to the underlying connectivity data, (3) agreement with fMRI task
activation, myelin maps, and cytoarchitectural areas, and (4) network analysis.”

Parcellations are SMALL!

https://biomedia.doc.ic.ac.uk/brain-parcellation-survey/
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complexity: not like this
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http://www.ducatimeccanica.com/single_engine. jpg


http://www.ducatimeccanica.com/single_engine.jpg
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High-throughput
molecular screening
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OK, so what?
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(age 18 y)
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(age 56 y)
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Subject C
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Battaglia et al. 2017
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Simple models?
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Mmmm can we simulate?
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Olmi et al, 2018
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Big Theory versus Big Data, CNS 2018 : Eve Marder (with session intro)




Fictional quotes to explain the point:

“l am still not convinced in the role of large circuit networks, because when | ask they always give me small scale examples.”

Eve Marder,
High-density electroscope

“fMRI is crap, the only thing that | believe in theory-driven hypothesis to be tested with small scale EEG experiments”

My mom,
Old school electrophysiologist

“There is no hope we can reproduce or capture all connectivity/function, so let’s just fit HUGE models and predict”

Jack Gallant,
Bayesian modeller

“There is no way there is a single all-purpose circuit that we learn from data, so we need to look for a multitude

of task primitives Gary Marcus,

Famous cognitive DL expert

“l don’t care about tiny-weeny details of this or that receptor, | want normative theories of cognitive

control, in simple graph-theoretical terms Jon Cohen,

Tsar of Cognitive Control



Take home

- Ci sono tante neuroscienze delle reti

- Feedback continuo fra dati/tecniche/teorie
- Le teorie dipendono dalla scala MA le scale
Interagiscono

- Shift da leggi a modelli computazionall

- Nuovo significato di “comprendere”
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https://www.biorxiv.org/content/10.1101/476382v1

Brain Parcellation Survey

@ @B B O
@ H S H
o O P &

“Using resting-state functional MRI (rs-fMRI) data and several quantitative evaluation techniques, 10
subject-level and 24 groupwise parcellation methods are evaluated at different resolutions. The
accuracy of parcellations is assessed from four different aspects: (1) reproducibility across different
acquisitions and groups, (2) fidelity to the underlying connectivity data, (3) agreement with fMRI task
activation, myelin maps, and cytoarchitectural areas, and (4) network analysis.”

https://biomedia.doc.ic.ac.uk/brain-parcellation-survey/
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subject-level and 24 groupwise parcellation methods are evaluated at different resolutions. The
accuracy of parcellations is assessed from four different aspects: (1) reproducibility across different
acquisitions and groups, (2) fidelity to the underlying connectivity data, (3) agreement with fMRI task
activation, myelin maps, and cytoarchitectural areas, and (4) network analysis.”

https://biomedia.doc.ic.ac.uk/brain-parcellation-survey/



