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The digital patient journey

Prevention
Self-collected data, e.g. through
health apps & wearables

e/

i Screening

Aftercare — Digital screener:
Aftercare management F@ Patient history & environment data,
=

scientific data

0

Therapy Diagnostics

Robot-assisted surgery, Al diagnostic support:
image fusion-assisted treatment Image-automated analysis




Distributed Artificial Intelligence

‘Moving the Algorithms
to the Data’

Al FUSION

Centralized Al
Aggregates the Data with
the Al algorithms to enable
processing in the Cloud or

in the Enterprise

Y

Distributed Al
Enables Al Algorithms to
autonomously process across
multiple systems, domains, or
s devices on the Edge

Algorithmic Agility

‘Moving the Data
to the Algorithms’

Time 6



It is for solving complex learning, planning, and decision-making
problems.

parallel and large-scale computing and spatial distribution of
computing resources.

DAI systems consist of agents of autonomous learning
processing, which are usually distributed on a very large scale.

DAI nodes can operate independently and partial responses are
integrated, often asynchronously, through communication
between nodes.

DAI systems do not require all relevant data to be collected in
one place.
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Swarm Intelligence

* Swarm intelligence (Sl) is the collective behavior

of decentralized, self-organized systems, natural
or artificial.

work together to achieve a common goal

- Sl systems consist typically of a

~ population of simple agents interacting

locally with one another and with their
environment.

Agents follow very simple rules, and
there is no centralized control,
interactions between agents lead to

emergence of "intelligent" global
behavior
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Benefits of SI

* Flexibility and adaptability.

* coping with external challenges and internal
disturbances

« Agents may have different and possibly imperfect
capabilities. Through synergy, the individuals will be
able to cover each other’s weaknesses and reinforce
each other’s strengths achieving challenging tasks.

« S| systems are scalable and may include a few to
millions of individuals thanks to their decentralized
decision-making.

» scalability, confidentiality, decentralization, flexibility



Multi agent systems

* A self-organized system composed of group of

agents or humans and agents that interact with

each other and the environment to achieve
goals.

12

"

N
%
T



system of systems

FACTORES

THERMAL POWIR PLANT

SNAFT TRANSFORT
WND POWER PLNT WYOROELECTRG POWTR PLANT
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Body Area Network

Temperature monitor

. Wearable device

u Implanted device
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Telehealth

Electrochemical
. sensor

3!

Tel'nperaturer
- sensor %)
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Stress Monitoring

L
kh

Daily activities
embedded with stressors

Wearable
sSensors

=

!

Interactive stressor

evaluation

Smart personal
assistant

=

Continuous stress
marker monitoring
with wearables

1z

Personalized
archive
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Precision Health Space

Research and terrestrial support

:
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Blomarker discovery,

validation

Radiation, cardiovascular,

CNS dysfunction biomarkers

Successful countermeasure
blomarkers

Pairing with phenotypes

Health assessment

Pre-, mid-, post-flight

Longitudinal observation
-omic baselines

Enable Al anomaly detection

Experimental models
Human analogues
Model organisms
Biological mechanisms
Modelling

Mission control center
Medical consults
(life support)

Prioritized upload/
download data/models
Crew health management
Enwironmental control

managemsent

I

Real-time support and operations Countermeasures
Spaceflight hazards Environmental Monitoring -~ _. /ML risk prediction
and stressors Vibration, radiation, ] Pattern recognition
Hostile confinement, carbon dioxide, oxygen, | predictive modelling
distance, radiation, relative humidity, Actionable response
microgravity, regolith, acoustics, temperature,
temperature, stmosphere partial pressures

Dosimetry
DNA damage

Pharmaceutical

stability

Wristband
Vital signs
Movement
Glucose

Smart toilet
Urinalysis
Stocl analysis
Microbiome

Fundoscopy @ Digital twin

Intraccular _ Simulated human
pressure, I‘FE': . Model organism replicate
retina, OCT A1V Augmented deployment
Personalized medicine
Voice, behaviour Procedural-specific Al
analysis Human-machine pairing
Stress, mood, Al-assisted learning
z'scyg:ologocal Augmented reality

o Intervention determined

through Al/ML, crew,
Ultrasound and CMO
Al-guided Behaviour change
diagnostics Specific testing
Blood flow Early intervention
Internal organ
Imaging
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Muscular Dystrophy

Movement Wearable Digital twin Behavior Gaussian process Digital
behavior sensors (avatar) fingerprinting regression biomarker
‘suit’

Clinical assessment

A‘l? |
pil

Free natural behavior




Wearable Health Tools
(IactatEe),leg?tljiisszs) W

Smart contact lens
(glucose)

Chem-phys hybrid :’_- 1
sensor patch / ‘

) Graphene-based
4 tooth sensor
1| (bacteria)

Microfluidic
sensor
(lactate, glucose)

(lactate, ECG) &

Integrated
sensor array
(lactate, glucose)

Nanomaterial-
based patch
(glucose)

e, "4 S

T lontophoretic
Wearable diagnostics ,2 == p

patch biosensor
(glucose)

i

(cortisol, IL-6)

Self-powered textile-
based biosensor
(lactate)
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Internet of Things

* [0T is based on
technologies such
as cloud
computing,
wireless sensor

networks (WSNs),
radio-frequency-

identification
(RFID) devices.

Sensors (Basel). 2023 Feb; 23(3): 1466.
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9920579/
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J/ s Red Blood Cell

Outlet for Nano-strand

Sensor and Nano-strand

Autoinducer (02)
pH Sensctive Layer Chemoattractant free environment:

Propagation by advection and
blood flow.
Nanomachine

Chemotaxis

o

Al
A
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Nanomachine “ —Drug F

04l
(Size: 200 nm) 02 Foam “After the decomposition of the pH sensitive
= layer, adhesion ligands of the nanomachine
. 4 +, arc appeared and nanomachine turns into a

Quorum Sensing based Coordination: I ﬁ ** porous structure. Then based on the cancer

Vascular
System

state (FIS output),different nano-strands
Each nanomachine starts to release oxygen are released into cancer cells.

as soon as they reach to cancer site. -« °, r

& &

Types of nano-strands: X dlliesion

» Ligand Phase 1
Nanomachine Generation

Phase 3

) Anti-durotaxis motility pattern
(Moving toward opposite

@ direction of stiffness gradient)

Phase 2
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Phase 5

© Engulfment
e Chemotaxis Motility

*% Cytokine Release




IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 33, NO. 5, MAY 2022

Target Convergence Analysis of Cancer-Inspired
Swarms for Early Disease Diagnosis and &b
Targeted Collective Therapy o

, Senior Member, IEEE

Nasibeh Rady Raz™ and Mohammad-R. Akbarzadeh-T.

Phase 2 | / Phase 3
Phase 1 / Anti-durotaxis motility pattern
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Chemotherapeuticagents
Photo-activablecomponent

Diatom - microshuttle
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B12 TC(ll) receptor




Biohybrid bacterial microswimmers s

(a)

Genetically Engineered
E. coli MG1655 Nanoeryghrosomes

Nanoerythrosome

-t

Anti-TER-119——

Streptavidin— Biotin

T

Bacterial
Membrane
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Journals & Magazines > IEEE Transactions on Systems,... > Early Access @

Influence-Based Nano Fuzzy Swarm Oxygen Deficiency -~
Detection and Therapy

Publisher: IEEE Cite This PDF

Oxygen
Red Blood

¥ <

One of the
enlarged embedded
hemoglobin in a
red blood cell

Nasibeh Rady Raz ® ; Mohammad-R. Akbarzadeh-T. ® ; Saeed Setayeshi

&= Proposed
Nanomachines

Interest Field Sleep Stability Reinforcement Influences the Collective Dynamics.

Reinforcing

Control Field  Local Rule Defining using Fuzzy Basis Function based on data Sensing. SRR Good Swarm
02, H" ion

Formation
: 0O2,H* ion State 0O2,H" ion State
Concentration cTom'HT«r -—b Cmm—'u_ofﬁ -—V
LN
O2.H* ion l - State I :
Concentrati Lo

N. R. Raz, M. -R. Akbarzadeh-T. and S. Setayeshi, "Influence-Based Nano Fuzzy Swarm Oxygen Deficiency Detection
and Therapy," in IEEE Transactions on Systems, Man, and Cybernetics: Systems,
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e Swarm-robot that resembles a white blood cell
traveling through the circulatory system. It has the -

shape, the size and the moving capabilities of
leukocytes.

* The team took inspiration from white blood cells

the task force of the immune system, as they are
the only motile cells in the blood stream

Flow

Endothelial
Profile

) ) Red Blood
Multifunctional
Cells

: Cells
Microrollers
Cancer

Cells

Multifunctional surface micro-rollers for targeted drug delivery in physiological blood
flow, Sci Robot, 2020 May 20;5(42).
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404 IEEE TRANSACTIONS ON NANOBIOSCIENGE, VOL. 18, NO. 3, JULY 2019 [E Ny e Q) s g
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Society Society

Swarm-Fuzzy Rule-Based Targeted Nano
Delivery Using Bioinspired Nanomachines

Nasibeh Rady Raz* and Mohammad-R. Akbarzadeh-T. g %dgﬁ
VAl

, body
carotid artery

s B .
) ) . o / Cooperative Nano-Therapy \
# Moving toward a high concentration of VEGF as a cancer site using ! \
L the blood flow a'nd Chemotaxis. 4 1- Hen;gls)taSIS > L eeine therapy
4 —) R -
,§ [ O; releasing as coordinator molecules in the environment. ] 2- Neighborsin need |  Sending nutrient to needy neighbors.
3 € (VL) : :
% 5 : No Wait fora : v Nanomachine-cancer cell adhesions.
5 Su:nr:;:;qls B ool 3-Benign Tumor v" Sending Drug-O2 to nanostrands
\5 ' ' ) ) (L) v" Call for Meta-cooperation i
A 4 4- Angiogenesis I )
fa 2| Collecting environmental data for sensing three information. ) (MH) v Sending Drug to nanostrand.
s 2
f S Nutrition (N) | Cells Density (D) | Apoptosis Rate (A)J 5 Metastasls v Nanomachine-Nanomachine adhesions
— — to make a physical barrier.

—* x T (H) v Sending Drug-02
g Drug to nanostrand.
/ Fuzzy Inference System (FIS) \\ \ wall for meta-cooperation. /

Determining cancer state using environmental data.

Rule 1: IF N is “very low” and D is “low” and A is “low” A 4

THEN CS is “Benign Tumor™. —)[ Use Disordered Glycocalyx, as a smart gadget for more robustness. ]
2 B <

Rule 27: IF N is “normal” and D is “normal” and 4 is High VEGF Normal

Concentration

ﬁalysis of Cancer Sb

\“normal” THEN CS is “Hemostasis”. J/

Fig. 4. The proposed block diagram for FCBN. 28



Medical Data Mining

e Data mining refers to the task of exploring useful

and interesting patterns and associations in
voluminous data.
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Swarm Intelligence %
Algorithms
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Nature-Inspired
Meta-heuristic
Algorithms

Algorithms

Physics-Based

Evolutionary
Algorithms
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{

Building Trust in Medical Use of
Artificial Intelligence — The Swarni
Learning Principle

B

* Medicine is inherently decentralized and medical
data are wusually stored and handled at the
production sites, the locally available data for any
kind of medical problem are usually insufficient for
optimally training Al-based models.
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Swarm Learning
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Nature volume 594, pages265-270 (2021)

COVID-19
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Federated learning

Data
at edge
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Swarm Learning
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Swarm Learning to identify

tuberculosis
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Swarm learning for decentralized artificial .. ...
intelligence in cancer histopathology
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Challenges and Ethical Considerations

data privacy, potential biases in datasets

Radiology
(X-rays, MRIs)

Early detection

Cardiology Neuroimaging Risk Assessment Predictive analytics

‘ ‘ Disease
Diagnostic prediction and
imaging prevention

WHAT CAN

Monitoring
Treatment Al/ML DO IN through
Personalization wearable

HEALTHCARE?

devices

Pandemic
prediction
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Al

Note that!!

« AI may not replace human doctors.

e Since doctors are trained to not only diagnose and

treat diseases but also to provide emotional support
to patients.

* Al cannot replace the empathy and compassion that
doctors bring to their work.
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Prevention

Early
Detection

Recurrence
Prediction

Treatment
Selection and
Analysis

Critical
Decision
Making

Mortality and
Morbidity
Prediction

Post Hospital at Home
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