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A livello superficiale € un problema di «<PATTERN RECOGNITION»
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Training a single Al model can emit as much
carbon as five cars in their lifetimes

Deep learning has a terrible carbon footprint.

By KarenHao - June 6.2019
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What is sustainable AI?
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Vedremo una serie di esempi scelti con questo criterio: astrarre dal modus operandi di prima

1) Melanoma (kin cancer).
un problema di «patternrecognition» dove conta il rapporto segnale/rumore

Intelligence

The Future of
Humankind

3) Tempo di fagocitosi di capsule (rilascio farmaci)
un problema di high throughput (i «Big Data»)

4) Chemioterapie
un problema concreto dipersonalized/precision medicine

Adriano Barra, Una chiacchierata informale tra Al e Medicina Personalizzata
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OPEN Analysis of tempora| correlation OPEN Detecting cardiac pathologies via
in heart rate variability machine learning on heart-rate

through maximum entropy variability time series and related

e markers

ElenaAgliari, Adriano Barra*, Orazio Antonio Barra** ™, Alberto Fachechi®?,
Lorenzo FranceschiVento® & Luciano Moretti®’

=
Inthis paper we develop statistical algorithms to infer possible cardiac pathologies, based on data
collected from 24h Holter recording over a sample of 2829 labelled patients; labels highlight whether
a patient is suffering from cardiac pathologies. In the first part of the work we analyze statistically the
heart-beat series associated to each patient and we work them out to get a coarse-grained description
of heart variability in terms of 49 markers well established in the reference community. These markers
are then used as inputs for a multi-layer feed-forward neural network that we train in order to make

] it able to classify patients. However, before training the network, preliminary operations are in order

to check the effective number of markers (via principal component analysis) and to achieve data

augmentation (because of the broadness of the input data). With such groundwork, we finally train

the network and show that it can classify with high accuracy (at most ~85% successful identifications)

patients that are healthy from those displaying atrial fibrillation or congestive heart failure. In the

second part of the work, we still start from raw data and we get a classification of pathologies in terms

of their related networks: patients are associated to nodes and links are drawn according to a similarity

measure between the related heart-beat series. We study the emergent properties of these networks

looking for features (e.qg., degree, clustering, clique proliferation) able to robustly discriminate between

= 1 |'_‘ 1 — networks built over healthy patients or over patients suffering from cardiac pathologies. We find averall

N - i — very good agreement among the two paved routes.
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bravissimi Tper evoluzione naturale, come il giallema ad alta dimensione non lo siamo

Facciamo un esempio a due dimensioni (la regressione lineare):

Ho preso sperimentalmente i puntini rossi e voglio creare un modello.

Un modello e, per esempio, laretta Y = AX + B.
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Trasformo informazioni pregressen

informazioni utili per il futuro.
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(sequenziare il DNA non era il nostronpmo
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9 1 Mean RR Mean value of RR intervals
H A}‘ 2 SDNN Standard deviation of RR intervals
3 Mean HR Mean value of BPM
4 STDHR Standard deviation of instantaneous BPM
Square root of the mean squared differences
— 1.0 5 RMSESD between successive RR intervals
_"-. & NNSO Number of successive RR interval pairs that differ
e more than 50 ms
E 7 PHNSO MWN50 divided by the total number of RR intervals
= .h The integral of the RR interval histogram divided
# HRVTIN by the height of the histogram
9 TINN Baseline width of the RR interval histogram
Mean value of the standard deviations of the RR
10 | MeanRRS intervals in temporal windows of 5 minutes (RR5)
Sample standard deviation of RR5 intervals in the
CD IPER 1 SDANKN total sampling time of 24 hours
Table 3. List of linear markers (time domain), along with a synthetic description.
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Figure 1. Examples of RR time-series for different classes. Each plot shows the first 2000 points (i.e. heart beats
with the corresponding RR intervals (in seconds) for the various classes considered.
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Figure 3. Correlation plot for the 49 standardized markers.
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12 | VLF peak (FFT)

Frequency peak in the VLF band
[FFT-based methods)

Relative powes of the VLF hand
(autoregressive methods)

’.._..,'1 13| Abeolute Power VLF | Absalute power of the VLE band
(FFT} (FFT-based methods)
[ Y 14| Beltive Power VLF | Relative power of the VLF band
HINH (FFT) (FFT-based methods)
- - Frequency peak in the LF band
) 15 | LF peak (FFT) (FErbased methods)
Elass|ﬁ er " 16 | Absolute Power LE | Absalute power of the LF band
(FFT) [FFT-based methods)
17 | Relative Power LF Relative peer of the LF band (FFT-
'\._,,J == * |iFFT) based methads)
1 | Normalized Power LF | Nocmalized power of the LF band
'“\I (FFT) (FFT-based methods)
a
i) . Frequency peak in the HE band
("'_'51 -E" A ) 19 | HE peak (FFT) (FFT-based methods)
_— 4o | Absolute Power HE | Absalute power of the HF band
= (FFT) (FFT-based methods)
AF}FNAF (&) 1| Relative Power HE Relative power of the HF band
- * | - - (EFT) (FFT-based methods}
Glassi-ﬁ er ) 2| Narmalized Power HF | Normalised power of the HF bund
1 (FFT) [FFT-based methods}
(7] 23 | Total Power (FFT) Total power [ FFT-based methods)
L J 0 R F— LE/HF Eiah ratic (FFT-based
= - -
= |vie Frequency peak in the VLF band
ﬂ 35 | VLF peak (AR) (amtoregressive methods)
4 "I [&] 26 | Absolute Power VLF | Absalute power of the VLF band
(AR) {autoregressive methods|

Frequency peak in the LF band
(autoregressive methods)

Absabute power of the LF band
(autoregressive methods)

GD—“NCD @ ij F:I;;.:rnwgr\r[_l’
classifier e
| S

h J k] Relative Power LF (AR)

Relative power of the LF band
(autoregressive methods)

Normalized Power LF
{AR)

Normalized pawer of the LF band
(autoregressive methods)

3z HF peak (AR)

Frequency peak in the HF band
(autoregressive methods)

Absalute power of the HF band
{autoregressive methods)

Relative power of the HF band
(autoregressive methods)

3 Absolute Power HF
[AR)
2 - . 34 | Rebative Power HF
e E " (AR)
H M, 35 | Mormalized Power HF
’ r ATa . r (AR)

Normalized power of the HE band
(autoregressive methods)

Total power (autoregressive
methads)

LF/HF peaks ratio (autoregressive
methods)

v . 36 | Total Power (AR)
Y . - s
37 | LE/HF (AR)
w .

Table 4. List of linear markers (frequency domain), along with a synthetic deseription.

Figure 8. Overall architecture of the classifier developed in this work. From left to right: first, for a given
example n, we evaluate the entries of the vector x, and we use this as input for the machine. The number of
entries in the input vector is N = 41. This input is then simultaneously passed to the H/NH block - which
evaluates whether the example corresponds to a healthy unit or not - to the AF/NAF block - which evaluates
whether the example corresponds to a unit displaying atrial fibrillation or not - and to the CD/NCD block -
which evaluates whether the example corresponds to a unit displaying congestive heart failure or not. The
outcomes stemming from this layer are compared checking for consistency; if this test is passed the outer layer
provides the classification.
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Figure 9. Neural network architecture of the single classifier. The hidden layers are composed by neurons with
exponential linear units (ELU), while the output layer is composed by two softmax neurons. Before each hidden
layer, a Gaussian Dropout operation is performed, while before the output layer a Batch Normalization is
executed. The OUT, , neurons are chosen according to the specific task (i.e. H/NH, AF/NAF or CD/NCD).
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Figure 10. Schematical representation of ELU hidden units. In the left column, we give a schematical
representation of neurons in the hidden layers. The inputs are summed according to the weights w, then the
result is given as argument to the activation function (which is mathematically defined and depicted in the right

column).
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Vedremo una serie di esempi scelti con questo criterio: astrarre dal modus operandi di
prima

1) Melanoma (kin cancer).
un problema di «patternrecognition» dove conta il rapporto sggaz

SPECIAL EDITION

2) Patologie cardiache (fibrillazione atriale e scompenso cardiac
un problema di «inferenza statistica ad altalimensionalita» The Future of

Humankind

4) Chemioterapie
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Misurare il pH intracellulare, in modo automatico e image-J): si faceva tracking
veloce sostanzialmente a manol!!

17/05/2022

Elaborata una nuova metodologia, efficace e
accurata, per rilevare la variazione di acidita
degli organelli cellulari. Un percorso m A P P L I E D MIS¥EEF$FI :CLESS

estremamente complesso, legato a
disfunzioni e all'insorgenza di malattie, in
particolare il cancro. Lo studio, condotto dai
ricercatori dellIstituto di nanotecnologia del
Cnr di Lecce assieme ai colleghi
dell'Universita del Salento, é pubblicato sulla
rivista ACS Applied Materials & Interfaces,
aggiudicandosi I'immagine di copertina

Le variazioni a livello intracellulare di pH,
cioeé di acidita, sono tra l'altro indicative
dell'insorgenza e della progressione di
malattie come il cancro. Anche per questo il
loro studio & importante quanto
impegnativo, poiché tali alterazioni
coinvolgono meccanismi estremamente
complessi. Un recente studio coordinato da
Loretta L. del Mercato, primo ricercatore
dell'lstituto di nanotecnologia del Consiglio
nazionale delle ricerche (Cnr-Nanotec) di
Lecce, condotto in collaborazione con A 4
Cecilia Bucci e Adriano Barra, docenti
dell'Universita del Salento, ha portato alla
elaborazione di una nuova metodica per
studiare in modo efficace e accurato il pH
degli organelli cellulari. La ricerca & pubblicata sulla rivista ACS Applied Materials & Interfaces.

TOTAL 81
E

™ 300.036 Commaenti: 1.329 » Condivigioni: 11.667

‘L") Mi piace () Commenta ‘::f." Condividi

ACSPublications P——
. Disney+

Copertina del fascicolo ACS Appl. Mater. Interfaces 2022, 14, 16,
18005-19080

Adriano Barra, Una chiacchierata informale tra Al e Medicina Personalizzata, = Liceo Colonna (Galatina)



Figure 2. Comparative change in the emission of NSMPs and PSMPs at different pH values. In vitro pH response of PSMPs following cellular
uptake. (a,b) CLSM micrographs showing the pH dependence of (a) NSMPs and (b) PSMPs fluorescence in pH-adjusted cell medium (FITC was
excited at 488 nm and RBITC at 543 nm). Green channel (Em: 500-550 nm), red channel (Em: 570~700 nm), and overay of the two
fluorescence channels are reported. (c,d) Fluorescence micrographs showing the color changes of PSMP sensors added to (c) MDA-MB-231 cells
and (d) MCF-7 cells, as recorded after 24 h (ratio PSMPs/cells = 8:1). Before internalization, extracellular PSMPs display a strong yellowish
fluorescence due to the neutral pH of the cell medium. After internalization, the PSMP sensors display a strong red fluorescence due to their
confinement in acidic endosomal/lysosomal compartments inside cells. Images were taken in green and red fluorescence and transmission channels.
The overlay of the three channels is presented in (c,d). Scale bars in (a=d): 10 gm.

Adriano Barra, Una chiacchierata informale tra Al e Medicina Personalizzata, Liceo Colonna (Galatina)



(a) MDA-MB-231
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Figure 3. Examples of the three prototypical recorded events. (ab) Lack of caging (outer) as the probe remains confined outside the cell. (¢,d)

Caging event as the probe is captured by the cell. (e,f) Lack of caging (inner) as the probe is already inside the cell.
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Figure 5. Estimates of the acidification time. (a) Outer, inner (top), and caging (bottom) evolution of recorded pH vs time for MCF-7 cells. (b)
Outer, inner (top), and caging (bottom) evolution of recorded pH vs time for MDA-MB-231 cells. (c) Box plot of the distribution of the
acidification time: while the mean are somehow close, resulting in Az = 16.3 min for the MCF-7 type and Ar = 19.5 min for the MDA-MB-231
type, the former exhibits a much broader variability as the relative standard deviations read as 2.2 min vs 0.6 min. (d) Hypothesis test on the
statistical value of the difference between the two acidification times suggesting that the temporal gap between the two average acidification times
related to the two cellular types is not significant.
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Vedremo una serie di esempi scelti con questo criterio: astrarre dal modus operandi di prima

1) Melanoma (kin cancer).
un problema di «patternrecognition» dove conta il rapporto segnale/rumore

2) Patologie cardiache (fibrillazione atriale e scompenso cardiaco)
un problema di «inferenza statistica ad altalimensionalita»

The Future of
Humankind

3) Tempo di fagocitosi di capsule (rilascio farmaci)
un problema di high throughput (i «Big Data»)

Adriano Barra, Una chiacchierata informale tra Al e Medicina Personalizzata



COMUNICATO STAMPA
Pancreas, ricostruito l'ecosistema cellulare alla base dello sviluppo dei tumori

01/02/2023 <«

Uno studio internazionale coordinato dall'Istituto di nanotecnologia del Consiglio nazionale delle
ricerche ha messo a punto una nuova piattaforma per replicare, in modo non invasivo e accurato,
I'ecosisterna metabolico cellulare che sostiene lo sviluppo dei tumori, in particolare quello del
pancreas. Questa piattaforma consentira di individuare i pit efficaci trattamenti farmacologici per
contrastare l'insorgenza e lo sviluppo di tali malattie. Lo studio & pubblicato sulla rivista ACS Nano
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Una ricerca, pubblicata sulla rivista Acs Nano, condotta dai ricercatori dell'Istituto di Fuorescent pH-sensor Coll growth and nferring
nanotecnologia del Consiglio nazionale delle ricerche di Lecce (Cnr-Nanotec) in collaborazione nanofiber scaffolds data acquisition single cell acid efflux
con l'Instituto Biofisika (Spagna), la Fondazione Ikerbasque (Spagna), I'lstituto Italiano per la
Medicina Genomica - IIGM - ente strumentale della Fondazione Compagnia di San Paolo, il
Politecnico di Torino, I'Universita del Salento (Lecce) e I'lstituto tumori ‘Giovanni Paolo II' Ircss di
Bari, ha visto la realizzazione di una nuova piattaforma che ricostruisce I'ecosistema che sta alla base dello sviluppo dei tumori, partendo dall'analisi del metabolismo delle cellule.
Questo tipo di studi, focalizzato sulle singole cellule, viene applicato in diversi ambiti, nelle patologie tumorali, nellimmunologia e nella neurologia, ed & importante perché individua
meccanismi che non sarebbero identificabili attraverso indagini eseguite sull'intera popolazione cellulare. Tuttavia, le tecniche che attualmente vengono utilizzate per la misurazione
delle caratteristiche metaboliche delle cellule sono molto spesso costose e invasive.

Immagine

Perché e matematica? Ho N cellule e devo
ricostruire il campo in 3D. Quante sonde He®
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Probing Single-Cell Fermentation Fluxes and
Exchange Networks via pH-Sensing Hybrid
Nanofibers

Valentina Onesto, Stefania Forciniti, Francesco Alemanno, Krishnadev Narayanankutty, Anil Chandra,
Saumya Prasad, Amalia Azzariti, Giuseppe Gigli, Adriano Barra, Andrea De Martino,
Daniele De Martino,* and Loretta L. del Mercato™
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riuscire apredirre la struttura conformazionale finale delle proteine, e questo e
importantissimo!

News infocus

A protein's function Is determined by Its 3D shape.

‘ITWILLCHANGE EVERYTHING':
Al MAKES GIGANTIC LEAP IN
SOLVING PROTEIN STRUCTURES

DeepMind’s program for determining the 3D shapes
of proteins stands to transform biology, say sclentists.

Adriano Barra, Una chiacchierata informale tra Al e Medicina Personalizzata



Collective phenomena in immune systems
(ex:) The problem of self-nonself discrimination by mature B-cells

in theoretical immunology from a statistical mechanics perspective.

Adriano Barra

Progetto FIRB RBFROSEKEV: Meccanica statistica di reti linfocitarie sottopercolate
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Universita di Roma ~l.a Sapienza® | IStitutO NaZiOHale
Dipartimento di Fisica | di Alta Matematica




Several scales in biology: Molecular, cellular, system... Medicine... Ecology

Brutal assumptions.
Neural network perspective.
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The adaptive immune system in a nutshell: Low Dose Tolerance, Memory, Learning
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(Source: the Human Immune Response Systom www uta . cdu/chagas/fimages/immunSys. ipg)

1798 —Edward Jenner
1879 —Louis Pasteur
Illself-Ag (at low-dose) are common!!!
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The world of B-cells: Burnet and Jerne... Two fundamental Nobel Laureates.

ndtum b '“'_““"&%ﬁ““ Markers of Non-Self

Bacteria SARS virus

A‘(ﬁ'rf‘; P
Antigen .4&— Epitope

o

‘;b.* :—— Antibody

Non-self nerve cell Non-self leukocyte
Burnet’s clonal s

. Antigen J Epitope
<3 ' Class | MHC protein
selection theory % ‘

at 50 ' : "'— Antibody

Anti-inflammatory mast cell Ao Dy Jaenne Kally ©2004

Gut macrophages N \(3 T
\ A

Edelman, Varela, Cazenave... And many others...

1974 Jan;125C(1-2):373-89.
Towards a network theory of the immune system.

B Cell Antigen Receptor (BcR)

THE NATURAL-SELECTION THEORY OF
ANTIBODY FORMATION

By NieLs K. JERNE*

DIVISION OF BIOLOGY, CALIFORNIA INSTITUTE OF TECHNOLOGY, PASADENA, CALIFORNIA
Communicated by M. Delbriick, September 14, 1955




First steps of formalization. Eliciting lymphocytes = Diluted Ferromagnetism

Variables N
iaht Chain ﬂ‘“‘l‘
o is a generic lvimmphocyvte. A /&;, ,,,,, s
o = +1 is firing, o = —1 is quiescent (EXP). *]{5 g A— Y Y Y

We have N different clones 7 € (1, ..., N) (EXP)

L] antigen [ marker molecule B antibody
and M different lvmphocytes inside each clone av € (1, ..., M).
_Ij:.- recogEior |mig)
— J? — :I:]. ) {{S} o

Belpmphacyts

To each clone is associated only one antibody (always the same) &;,. 7 | <
(1,...,N) (EXP).
Y,

The antibody is a vector of L idiotopes (EXP).

i.e. {:' is the ,u”‘ entry (1 or 0) of the it" clone (somehow similar to replicas)
&= 1 0,0,1,1,1,...,1]

1.2.3, ......... , L]

An 10F and SI5SA journal A LETTERS JOURKAL ECPLO RING
THE FrouriERs oF Puvsics

EPL, 94 (2011) 10002
doi: 10.1209/0295-5075,/94,/10002

ournal of Statistical Mechanics: Theory and Experiment

A statistical mechanics approach to

. e . A Hebbian approach to complex-network generation
autopoietic immune networks

. | g E. AGLIaRI2=) and A, Barma®?
Ad B L El A oliari’




Now, to check immune responses we need to introduce the N order parameters m; as local magneti-
zations, whose time dependence is given by

1 AL
mi(t) = 37 D of (). (2)
. a=1

From the magnetizations m; € [—1. 1], which play the role of the principal order parameters, we can

define the concentrations of the firing lymphocytes belonging to the i*" family as

my(t) + 1
c;(t) = exp [T (m*(__;: * }] . 7= log M. (3)
N
Hy(Burnet) = —c E hu.mmg. (4)
ke
PHYSICAL REVIEW A VOLUME 41, NUMBER 4 15 FEBRUARY 1990

Willshaw model: Associative memory with sparse coding and low firing rates

D. Golomb, N. Rubin, and H. Sompolinsky

A VIEW OF GENETICS. FRANK M.

BURNET

By Immunological recognition of self

JOSHUA LEDERBERG. Nobel Lecture, Decernber 12, 1960

Nobel Lecture, May 29, 1959.
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The two approaches
can be synergic...

Figura: Rete Idiotipica [Varela et al] Figura: Matrice Interaz. [Kearney et al.

[’]_- [O]’ [’]-_[’] Idiotypic Network
[O]—[I], [I]—[I] AG anti-Abs—s»
[O]—[1]. [1]-[1]
[1]1—[0]. [11—[1] D102 A3 A
[O]—[1]. [0]—[O]

Perfect match! Good match!

THE GENERATIVE GRAMMAR OF
THE IMMUNE SY STEM Figure 1@ Representation of the idyotipic network. Each clone ig represented by only one of #ts Ivmpho-

cytes; the thickness of links denotes the strength of the corresponding coupling.

N = f(L)exp(yL)

Nobel lecture, 8 December 1984

b

NIELS K. JERNE
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Topology and affinity pattern of the emergent network
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The “Old School” perspective
-Low Dose Tolerance
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How the thymus designs antigen-specific and
self-tolerant T cell receptor sequences

Andrej Koidmrlj*, Abhishek K. Jha*, Eric S. Huseby*, Mehran Kardar*¥, and Arup K. Chakraborty*s¥

Bar code
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Cristribution of activated clones

Departments of *Physics, "Chemical Engineering, "Chemistry, and IBiclogical Engineering, Massachusetts Institute of Technology, Camb “
and *Department of Pathology, University of Massachusetts, Worcester, MA 01655 1

Communicated by Herman M. Eisen, Massachusetts Institute of Technology, Cambridge, MA, August 15, 2008 (received for review June 2, 2008)

sensitive to most mutations of the antigenic peptide’s amino
In contrast, T cells selected in mice with only one type of p

T lymphocytes (T cells) orchestrate adaptive immune responses

that clear pathogens from infected hosts. T cells recognize short o ' ' ' '

o1 | .

Ontogenesis: Clonal deletion and biased repertoire
Peas(®¥|a) = 6(®* — 1)(1 +a)/2 + 6(®* — 1)(1 — a)/2...

Prep (P a) =o0(PE — 1) (1 +a)/2+0(PE —1)(1 —a)/2.
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PHYSICAL REVIEW E 85, 051909 (2012)
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Elena Agliari,'” Lorenzo Asti.**" Adriano Barra.* and Luca Ferrucci

Organization and evolution of synthetic idiotypic networks
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FI1G. 3. (Color online) Degree distribution for different values

of a and fixed ¢ = 1.2, N = 10000, y» = 10. From left to right:
a = 0.1 (unimodal behavior; the mean degree is about 0.8N),a = 0.3
(multimodal behavior; the mean degree is 0.5N ). and a = 0.6 (there
is no extensive network: the average degree is 0.03N).
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FIG. 7. Semilogarithmic plot for the distribution If’{u!:a.auL}
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Thymic Selection of T-Cell Receptors as an Extreme Value Problem
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Andrej Kodmrlj,” Arup K. Chakraborty,” Mehran Haudar,J and Eugene I, Shakhnovich®




