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Al foundations: nervous system

Staining of neuronal cells: Camillo Golgi, Ramon Cajal (Nobel prizes)
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Golgi-stained retinal neurons
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Cajal 1892

NEURON: fundamental brain unit(10'9-10'! neurons)
BRAIN STRUCTURE: CONNECTIVITY (10'3-10'5 synapses)
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Nervous cell functionality

Electrophysiology (60's & 70's, Neher & Sackman, Nobel Prizes)
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Signalling: "binary" code (action potential) frequency-modulated
Cell response varies as a function of previous stimulation
LEARNING & MEMORY

: Control 0.25 Hz 0.5 Hz
Cell Memk“—) Na*channel
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Artifical neuron

Dendrites = INPUT X
Synapses = WEIGHTS w
Action potential = OUTPUT y
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ML & Al : backpropagation algorithm

Input layer (m=5) Hidden layer (n=3) Qutput layer (I=1)
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D.E. Rumelhart, G.E. Hinton, R.J. Williams
Learning representation by back-propagating
errors. Nature, 323 (1986), pp. 533-536

Learning: adapt WEIGHTS to minimize a cost/error/energy
function (supervised learning)

E= ) (0UTgx —OUTNpr)*
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Natural neural network structure: visual cortex

Layered structure: increasing processing levels of visual stimuli
(60's , Hubel & Wiesel, Nobel prizes)

Visual area
of the thalamus

‘ Pyramidal cells

@ Interneurons

Retina "raw" image > contours > shapes >
complex objects

Receptive field
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Artificial cortex: Convolutional Neural Networks

Hyerarchical elaboration — increasing abstraction levels
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Convolution & pooling = processing & scaling
of receptive field

nf)meep learning sharpens Object recognition
views of cells and genes |mcge processing UNIVERSITA DI BOLOGNA

Neural networks are making biological images easier to proce:
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Artificial

Intelligence In

Medicine

a) Radiomics +
Machine Learning

-
(

b) Deep Learning

-

/~ Challengel: \ /~ Challenge II:
no-so-big data explainable Al (XAl)
e Strategies for efficient learning [— Make Al results understandable
with limited data samples. to humans.

Evaluation of robustness and Which image/data features were
reliability of trained models. relevant to make a decision?

Applicatiom

data samples
Practical medical data analysis use cases on available samples
(public data, private collections, integration of both), where the
analysis approaches a, b or both are implemented, and the
challenges |, Il or both are encountered.

Implementation, test and validation in collaboration

with colleagues working in Clinical context

INFN - CSN5 2022-2024

BA, BO, CA, CT, FE, FI,
GE, LNS, Ml, NA, PI, PV
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CNN Deep Learning: super-resolution

Improve image quality (pixel resolution)
INPUT: low resolution (natural) image
OUTPUT: 2x 4x higher resolution image

n,y feature maps ng feature maps
of low-resolution image of high-resolution image
! fa X f2 f3 x f3 0
' 2 "
Low-resolution Mk E=H--"IT====4-_ 1 e et
image (input) ' ) = S @:___ _______ \‘

Patch extraction

. Non-linear mapping Reconstruction
and representation

Bicubic
23.93 dB/0.729)

Dong et al., arXiv:1501.00092v3
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Super-resolution on NMR brain images

ORIGINAL HIGH UP-SAMPLED IMAGES Tiw
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RMSE — root mean square error
. ) PSNR — peak signal-fo-noise ratio
C. Fiscone, N. Curti, C. Testa, et al. SSIM — structural similarity index

(Dl FA & IRCCS Bellorio) HFEN - high-frequency error norm
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Super-res: application to breast mCT

Image enhancement: improvement for clinical diagnosis?
Feedback from radiologists (in progress) - explaination
(Dott. N Curti DIMES & INFN BO, Prof. G Mettivier Team INFN NA)

RAW ROI: 100x100 Bicubic 2x Upscaling: 200200
gl T s
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Breast mCT
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Nervous cells: short- and long-term memory

Real neurons have different levels of learning & memory
Short-term memory can be converted into long-term memory

Concurring mechanisms:
Electrochemical processes
Change in conductance
Protein phosphorylation
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Artificial long-short-term memory neuron LSTM

LSTM R . ;
LONG SHORT-TERM MEMORY
forget gate Ce” state Nevran CompuTaTion 9.8 :17306 1780, 1997
Sepp Hochreiter Jiirgen Schmidhnber
Falultat fiir Informatik IDSIA
Technische Universitat Miinchen Corso Elvezia 36
80290 AMiinchen, Germany 6900 Lugano, Switzerland
hochreit “informatik. tu-muenchen.de Juergentridsia.ch
http:/ /wwwT. imformatik.tu-muenchen.de/ " hochreit htpe/ /www . dsia.ch /" juergen

input gate output gate

Recurrent networks that can keep/forget signals over time (also
very far in tfime - learn from context)

Application: analysis of time series (also symbolic)
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Viral protein variant analysis

EU H2020 VEO - Versatile Emerging infectious disease Observatory
WWW.veo-europe.eu "] @EuropeVeo
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LSTM & NLP

Input = symbolic strings _ TOTEINSTRIETORE
Lo 1S e e
Protein = "sentence" Y N N
Aminoacid = "word" g o R
| : | s ’
. . . E{ﬁ " f‘:?-‘;
Similar sentences = functional proteins A YU
Different sentences = immune escape T

[Hie et al. Science 2021]

NOTE: self-supervised learning

The learning task is to reconstruct the
sentence itself (one word at a fime)
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UMAP2

Host similarity

e bat

® human
e other

e pangolin
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Antigenic map reconstruction from protein sequence alone

HK68

EN72 N Tros

0 ® * Predicted MDS embedding of antigenic map
Antigenic map: ]
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In silico "gain of function”

Try single-aminoacid mutations and test immune escape
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Challenges and future directions INEN

Istituto Nazionale di Fisica Nucleare

Explaination: why it works
Semi & self supervised learning

Manifold learning

Synthetic data generation

Physics (& physiology)-informed models
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