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Artificial Intelligence

Al is a multidisciplinary field of study dealing with intelligence,
perceiving, and inferring information by machines.

Narrow Al: is used to solve a specific problem.
General Al: is used for solving general problems.
Super Al: Nobody knows what will happen.
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Artificial Intelligence

Interpretability

Interpretability of
neural networks

Fuzzy Logic
and Control

Possibilistic Approximation
Theory Theory

Next generation artificial intelligence

Global

solution
-

Solvability Robustness

Al

(Deep learning as an example)

Nonconvexity & nonsmoothness Generalization ability of
of parameter estimation problems learning models
Solution v Under fit Over fit

landscape Best
—— o ml:'um Test Error

" No. of iterations

Optimization Probability
Theory Theory

Mathematics



Aspect of Intelligence

Smart

Smart
MULTIPLE

INTELLIGENCES

Logic
Smart
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medicine

Disease
Detection and
Diagnosis

4

Gathering the
patients history
with precision

" Digitization of
records and
healthcare
data

y

Machine
Learning in
Healthcare

y  Enhance the
acuracy of
the result

Sending alerts
Automatically

Discovery of
medicine

Timely
Decision

Online

~ appointment
schedule

Management

4
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Modeling

& Prediction

A
A Models
A

y LR
[ sym~

RF | Machine

Medical Imaging
| EHRs von | L€AMING [ Federated
Lab Exams , < Learning
[ | -\
Demographic/ . B . Learning

Epidemiological

Screening Models

Diagnostic Models

Prognostic Models



MODEL L e\ o™ CLINICAL
DEVELOPMENT ) \  / IMPACT

<—_ Al TRANSLATIONAL GAP ____—
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You may face ...
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Not able to align hospital
capacity with patient demand
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Optimization

The act of making the
best or most effective

use of a situation or
resource.

but how is it achieved

in real time?
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Optimizing workflows at hospital

and health systems

Elevating Efficient Optimization'of

' ) TR TR
P T -
Health Care Workftiow
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Through using optimization




What is optimization?
* The decision-making process consists of three steps:

problem
formulati
on,

problem

modeling

problem
optimizat
ion.
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Local and Global

Strict Global

Non-continuous Local Maxima

Maxima

Weak Local
Maxima

Strict Local
Maxima

Strict Global
Minima

Strict Local

Minima /

Non-continuous Wesk Locsl

Local Minima Miiliis
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Global Max
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Optimization
P W

Local Min

/ l \ >
Convex Optimization Nonconvex
Optimization Under Optimization
P Uncertainty P
Constrained Robust Stochastic Continuous Discrete
Optimization Programming Optimization Optimization
Nonlm’ear Lmear.ly . Unconstrained Constrained Combinatorial
e Constrained Optimization Optimization Optimization
Optimization Optimization P P P
Quadratically Bound- llt'lr:themau.c 2
Constrained Linear . . Nonlinear gral &
Cucit Pro . Constrained Unconstrained Optimization with
Pro < gramming Optimization phmuza Equilibrium
gr g Constraints
Semi Bound- wilaieah
; Network Smooth Nonsmooth Quadratic . Complementarity Integer
Infinite N .. L . Constrained .
; Optimization Optimization Optimization Programming e tet] Problems Nonlinear
Programming Optimization ;
Programming
Semi- X
. Quadratic Network
Definite Pro . Optimization
Programming gr g
Second-Order |
Cone
Programming
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Optimization Methodsl

¥ * Y

Combinatorial J Continuous

O pt i m i Z a t i O n ’ ' ’ *h—_*— :JL,,‘;A,,';L,',J’;,»,?,
Exact | Approximate ’ Noalniar ’ = ‘
Y
Y } h y ’

Branch and Bound Dynamic ‘ Simpl
: mplex method lmenor-pomt
l Programming & its variants

e

* V (;radunl

- Wuhoul
Heuristic Meta-heuristic Random based gradient
search
Single-solution Population based
based search search
Y Y
Simulated Tabu Search Evolutionary Swarm
Annealing Algorithm Intelligence
e Genetic Algorithms ‘e Particle Swarm Optimization
« Differential Evolution e Ant Colony Optimization
e Evolutionary Strategies ‘e Honeybee Mating Optimization

e Evolutionary Programming ' Firefly Algorithm
¢ Shuffled Complex Evolution o Shuffled Frog Leaping Algorithm
L ® Cuckoo Search, ...,
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Evolutionary Algorithms

Metaheuristics (MH) ’
Swarm Intelligence 3 Natural Phenomena L3 Human Inspiration

Genetic Algorithm le Swarm Optimizatio Intelligent Water Drops

Seeker Optimization
Algorithm
Teaching Learning based
Optimization

Genetic Programming Water Cycle Algorithm

Differential Evolution Spiral Optimization

Soccer League Competition
Volleyball Premier League

Socio Evolution & Learning
Optimization

‘ Electromagnetism Algorithm

Evolutionary Programming

Evolution Strategies Field of Force
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Optimization by Nature




Optimization by Nature
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Chromosome

| Initial Population | .ﬁl AT - T

String

—> Fitness | 0< >0 »RMSE » %:
E] O Z [@oo
Y .
[ Selection | h_101] (1111 [1[011

Crossover Points
Y | Y| Parents
| Mating | St I .
[T [ o0l Children

3 Bit Inversion

| Mutation | {1011 100110111

inal

Final Solution

Ml A ajff]
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PSO

(1nitiaize group of particles|
2 Evaluate pBgst for
each particle

Assign pBest 1o gBast

Particle Swarm Optimization

Update pBest

Objective

DI

'

Compute velocity

'

Update partiche position

Lo Yy
oL 'M;«L‘nd//'r/':ﬁ:

7
local best

Parameter space
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Leaping frogs "/

@

Population size P
Counter of memeplexes (im)
Iteration within each memeplex (iN)

| Generate population P randomly |

I}

I Evaluate the fitness of P |

i
Sort P in a descending order I‘

| Partition P into m memeplexes |

Local search-A

L

Shuffle all the memeplexes

_nglﬁée_mw Mo

population P
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Cuckoo search (CS)

Random initialization of N
population

* Cuckoo search (CS) uses the following representations:

Use Levy flight to find a
cuckoo, z;

e Each egg in a nest represents a solution, and a cuckoo
egg represents a new solution. The aim is to use new and
potentially better solutions (cuckoos) to replace a not-so-
good solution in the nests. In the simplest form, each Random selection of a nest
nest has one egg. The algorithm can be extended to b fom oo
more complicated cases in which each nest has multiple

eggs representing a set of solutions. Y

e CSis based on three idealized rules: N

Evaluate fitness, f;

Make f; as solution

* Each cuckoo lays one egg at a time, and dumps its egg in a
randomly chosen nest;
Replace f;; with new

* The best nests with high-quality of eggs will carry over to the olorion
next generation;

* The number of available hosts’ nests is fixed, and the e%% laid
by a cuckoo is discovered by the host bird with a probabili
(0,1). In this case, the host bird can throw the egg
away/abandon the nest, and build a completely new nest.

t Abandon the worst nests and find
y new nest using Levy flight

Output the best solution




Ant Colony Optimization e

/ Set parameter values for ACO /
v

Initialize pheromone concentration for each region [~

[ Create region to explore memory ]
v
Determine objective function
|

\ 4

Check region explored is better or not, for
update of region memory and perform

pheromone intensification No
S i o - J e
=
N i Repeat for all
' ‘éﬁ- * ants
Pheromone evaporation

-

Local optimum achieved

Stop
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[ ] [ ] [ ] oo ge
Initialize Initialize n bird positions, place them on a hypothetic
I g r a I | I g I r S the flock V formation and calculate the fitness values

_______________________________________ i_ e uv_“jm&w_-,u,jﬁkw,t‘é],

Improve Generate k neighbors to the leader and <

[ ] [ ] [ ]
O pt I m I z a t I O n P calculate their fitness values

Change the leader position with the neighbor having better
fitness if exists, and share 2x unused neighbors with the
next 2 birds in right and left legs of V formation

_______________________________________ i______________________

Improve Generate k-x neighbours to the birds in turn in V formation
the other birds and combine them with x unused neighbors from the birds
in the front, then calculate their fitness values

v

Change the position of birds in turn with the neighbors
having better finesses if exist, and share x unused
neighbors with the next bird both in left and right legs

Have all the birds
been processed?

Change the leader
if it is necessary Have m tours been
completed for

leader change?

Change the leader

Continue untill the
termination

Are termination

criteria are OK criteria OK?

Stop

Last bird positions

28



Bee Algorithm
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Random of food source position

- —

Randomly initialize the population

v

A 4

Evaluate the fitness value of the food
source

Evaluate the fitness values of
population

v

.

v

Compare and update the new food
source

Employed bee phase

All employed bees?

A

Calculate the probability (p;)

EE

Omlooker bee phase

Selects a tood source based on

L e

probability
v

Compare and update the best food source
position

All onlooker bees?

<
d

L

Scout bee phase

Stopping crtenia
satisfied?

Memorize the position on the best
food source

_Lb Abandoned food source

v

Replace the food source by newly
discovered food source

29



Spiders Optimization

Initialization

v

Create random continuous space, Assign values to the
parameters

v

[teration No

<=

Max _iteration

* Yes

f, 4 . .
“* . Fitness evaluation

* A '

Spider vibration generation

/;*"n" : f, 3 = w

Dimension mask changing

7

Perform a random walk for each

spider

W

Control of violated constraints
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Bacteria Optimization

Tumble

Run

>| Initiaiize Bacteria Swarm |

v

| Evaluate Fitness H
v

| Initialize Chemotaxis I

End Chemotaxis

Reproduction

End Repreduction

Elimination vispe s

v

End Elimination

Optimize vaiues |
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Optimization by Nature
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AN

Gravitational Search

Generate initial population

f >l

Evaluate fitness for each agent

;

Update the G, best and worst population

v

Update velocity and position

;

Meeting end of
criterion?

Return best solution

35



Exploration and Exploitation

* Exploration and Exploitation are two main functions in
almost any optimization process.

e Competition among solution decomposing solutions
into several sub-solutions random motion for better
exploration and recombining genetic codes for better
exploration.

* Some of these involve parametric operators and some
are structure alternating behaviors.
expLORAﬂon\}

7’"’<EXPLOITATIO

S———.
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Healogics Photo+: Automate
Wound Measurement

P LYy
GAdis p_.;wu‘vﬂ/m%

9.7 cm?

Status Unknown - Age Unknown

>

Undiagnosed
Tap to edit description

9.7 cm
Status Unknown - Age Unknown

Progress

Dimensions
Area
Length

Width
Depth

Deepest Point
Undermining

Max Undermining

None

>
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Identifying patients with
sepsis at the right time

* |dentify at-risk patient 6 hours earlier from EHR

38
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Source n

Select and
merge

Clean and

transform

N

39



Feature selection/engineering
/reduction

1188 ,.53

I

| I

L _ ECG signais~_|

I y. k:
Pre-processing |

Lifting wavelet transform and
Impm\ ed half-soft threshold I

l Feature extracllon
ECG features are obtained

using WPD-statistical method l

The imitial weights and biases
of BPNN are optimized

SRS

—— GA optimization

;

L ool

o o, — — — —

I

I l BPNN optimization
|

I

- g = |
| Feature selection

' features for classification

The filtered features as new H—
o |

L

-

Classification I

The filtered features are fed
into the optimal classifier |

\r’

Genetic algorithm for the optimization of features and neural networks in ECG

signals classification

Y VY VvV VY Vv ¥

o
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Optimization in Healthcare
Scheduling
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{
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ICU/operating Room Scheduling ).
Optimization

20001 120002 T . 120005 Generate initial population
‘Bed | 10001 | 10002 1 2 5 1 3 5 2 4 7
0.0l | 0.05 0.3
Evaluate population
Date 1 1 1 1 1 1 1 1 1 1
Day 1 v
Crossover and mutation  «— Verify feasibility
LOS 1 2 3 1 1 3 1 4 1 2
discharged discharged discharged  discharged  discharged Re-insert procedure
20001 | ... 20006 | ... | 20013 No
/Bed | 10002 [ 1 5 4 1 8 7 6 g=gtl
0.1 0.1 0.07 Non-dominated sort
Date 1 1 1 1 1 2 2 2 2 l
Day 2 ] Merge and Select
LOs |2 3 3 4 2 4 2 2 1
. . . ! v g<gmax
. discharged discharged discharged ‘
es
current ICU patient of each day emergency patient of each day
Output Pareto optimal set
clective patient of each day Discharged patient of each day
l End
discharged

Two-stage multi-objective optimization for ICU bed allocation under multiple sources ojz
uncertainty, Scientific Reports volume 13, Article number: 18925 (2023)



https://www.nature.com/srep

Physician Scheduling
Optimization

NormalEnt Rggeodgn 4‘|I'rlage‘ isNormal FirstCheck1 sinkisHealth
7 a0
76 s 9 , 9 2 , °f-l
m , 3 3 =
il ( } _E.l l
FirstPhysicianCheck1 Pharmacy1 ExitPharmacy
0 0
1 1 .f ll
! L
RadioGraphy1 ExitRG
a s o Pharmacy2
0 0 0 0 0|
0 *
FirstPhysicianCheckq
ol.ablo FirstPhysicianChecks Pharma%ys ExitLab
0, 0
1 1 0 0, '
0 ] 0
] 0 b

FlmPhyslclanCheckzo 0

mergencyEnt Receptionl Triagel
0 0 0 [—}

1 1 1
1 ! ! 1

Optimization of an appointment scheduling problem for healthcare systems based on the
quality of fairness service using whale optimization algorithm and NSGA-II, Scientific

Reports volume 11, Article number: 19816 (2021) 43


https://www.nature.com/srep
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Laboratory Scheduling
Optimization

T constraint by sstsal boundanics (TCMB)
wreax 20 men wex 15 min Al e ' B

— oy
Operation B- ] f
Inst, A (

Jlusl.l!’

»>
20 f & \ (_D } "
8 Inst. A ] [Sj .
» .

¥ o s
Jobl llOm "r__l : = 1 A 10 men g
’ 4 s nsl, ‘B A2 B C - )
Lefie 5 | > 2 | be
KT ’L__j Transporer-1
l st. B E

@
a1 AT s o g [ E -
= - k

v
Instrame: 0 | 19 min Fmash e = %0m
A-l Jobl - 1 1l min,
A Job2 - 1 | 8
B 3 3 g
c ) ET— F—S 1y

Tramsporier-2 !j 2 [ﬁ

Optimal Scheduling for Laboratory Automation of Life Science Experiments with Time
Constraints, SLAS Technology Volume 26, Issue 6, December 2021, Pages 650-659 44




Nurse Scheduling Optimization

45



Factors in Nurse Scheduling

Overlapping task in case
have special operation

Perform manually cause
increase time consuming

A

A

A

Shortest number of nurse

Nurse Scheduling Problem

A 4

Longer term planning

Y

Y

Nurse Demand

Hospital Preferences

4

4

1. Working shift is fair enough among
nurses without disruptive their health,
family members or social lives.

2. desire off day on the blank shift-table.

1. Maintain Operation.
2. Minimise overtime hour.
3. Cover absenteeism and turnover.

e Yy
Al L.«;«my/‘»m%
A ! A
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Hard Constraint

H1] Each nurse is available to work only one shift a
ay
H2] Maximum of three night shifts per two weeks

[ ]
wrM— M @6 r

H3] Unavailable for a morning shift after a night
nift.

47



Soft Constraint

e [C1] Fairness in working shifts and day off among
nurses.

e [C2] Preference hospital based on working shift for
each day.

e [C3] At least each nurse is given one day off per week.

e [C4] At least one experienced nurse is allocated for
each working shift for one day.

e [C5] Attempt to give a day off after the night shift.

* [C6] At least three-night shifts per two weeks for each
nurse.




PSO Solution

1. Particle: represented by a nurse schedule

2. Search Space: contains the pattern of a nurse schedule that is
generated randomly.

3. Fitness Value: represented by value of a schedule that is
generated randomly that follows the constraints

4. Velocity: represented by path direction value of the particle
(schedule)

5. Personal Best: represented by minimum fitness value of a
particle in the local population

6. Global Best: represented by minimum fitness value of a
particle in the global population

7. Best Fitness: represented by as fitness value that reaches O
where PSO has optimised the nurse schedule that follows all the
constraints.
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NI10

3.002

N9

3.002

N8

N7

N6

NS5

Table 2 : Nurse scheduling is done manually

N4

N3

2914 | 2.712 | 2.712 | 2.712 | 2.712 | 2.712

N2

N1

2.712 | 2.838

Nurses

/Days

10

11

12

13

14

0

I Less experience

] Expert
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N10

N9

N8

N7

N6

3.002 124422 | 2.712 |2.4422 | 2.46

NS5

3.002

Table 4: Nurse scheduling optimise by PSO

N4

3.002

N3

3.002

N2

N1

3.002 | 3.002

Nurses

/Days

10

11

12
13
14

Y

[ JExpert [—Less experience
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Home Healthcare Routing and
Scheduling Optimization

Home health care routing and scheduling in densely populated communities
considering complex human behaviours

Densely populated (our work) Sparsely populated (most literature)

ra:| réI'

N

Characteristcis Considered assumptions Methods
« Large number of people live in a small area Q) E" . « Markov Decision Processes & Q-Leaming
+ Shortened traveling distance S5 + Chance Contrained Programming & Ant-

« Increased waiting time Mutual preference  Stochastic service time Colony Optimisation

Home health care routing and scheduling in densely populated communities considering
complex human behaviours, Computers & Industrial Engineering Volume 182, August 2023,
109332 52



Radiotherapy Treatment
Scheduling Optimization

Decision support tools that Automated tumour and organ Enhanced image guidance, motion
combine clinical, genomic and segmentation as well as optimal management and scheduling promise
imaging data promise to support dose prediction promise to to improve clinical efficiency and
precision oncology practices streamline the planning process patients’ outcomes and experiences

Replanning

Treatment
planning

Treatment Imaging
decision (simulation)

Plan approval
and QA

Radiotherapy Follow-up
delivery care

Al promises to reduce radiation Al tools might help expedite Accurate prediction of response to treatment,
exposure of patients, enhance image the QA process and detect rare radiation-induced toxicities and other adverse
quality, suppress artefacts and enable erroneous events, especially for effects might provide real-time meaningful
more accurate image registration highly complex treatments clinical decision support

Artificial intelligence in radiation oncology. Nat Rev Clin Oncol 17, 771-781 (2020).

https://doi.org/10.1038/s41571-020-0417-8 >
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Radiotherapy Treatment
Scheduling Optimization

Evaluation Preparation Treatment Completion
& @ Pratient evaluation _E & { Positioning = A. Scheduling 'a‘ © Response
- c assessment
@ Clinical plan g .‘. @ Image acquisition : E Image guidance and
development and E . . 5.2 = 0 @ motion management °c o Toxicity prediction
dose prescription n @ @ image registration 0T o ) n and management
o 2 @ @ Adaptive treatment
=2 @ Target segmentation
E @ @ Organ segmentation
= @ @ Dose optimization @ Radiation oncologist () Therapist
5 @ Medical physicist @ Administrative staff
s Quality
S . . ’ assurance and . Dosimetrist ® f’atnent—facmg )
5% physics review MR ‘front-of-house’ tasks
>

Artificial intelligence in radiation oncology. Nat Rev Clin Oncol 17, 771-781 (2020).

https://doi.org/10.1038/s41571-020-0417-8 >



Patient Multi-appointment
Scheduling Optlmlzatlon

Actual working hours

e Regular working hours

e

Ry

L I ) Rm
=

Resource

R,
Q| -
-
<
N

— ]
L |n
&= —
T, T, T3 Ty Ts Ts LR Tt T i Tasi | oo 0> Ty
Time Slot ;
Patient waiting time P Resource overtime

Infusion Visit

. Resource: MA Resource: Physidian
\ patient 1 Visit Type: .T-"'.‘e-ﬂ"-':s ----- Time: 20 mins
: Infusion Visit 1 1 |=eeeececcccccccsnccsnnancnannannae 1
L] e !
” ' : : ime: 20 mins ' - '
Patent2Vist Type: /0~ Toe: s . i : g oy ooy
=z () 5 sl sy ) s
? Time: 30 mins E Resouce: IN E
A multi-appointment patient scheduling | ; j e |
system with machine learning and : ] ! Haneh,
e ) e . e |- .

optimization, Decision Analytics Journal
VO|Ume 10, MarCh 2024, 100392 ------------------------------- (b) multi-appointment pathways

..............................



Optimization in Healthcare
Supply Chain

Manufacturing process

~ -

Sourcing ptocess : Distribution Consumption process

&
~

Ll

E‘ with réplenishment and fulfillment process

cnnd

Ingredient
supplier

56



Pharmaceutical Inventory
Optimization




Vaccine Supply Chain Optim

“
I I VY A
1 l I

il m Suppliers /
I| 11 |I | LA LI} Manufacturers

\ L
NC W=
Eae L BT o -
=. Regional Vaccine Banks

s — —

Vaccine

iﬂ’ I Distributors

I R A

N

iy o iﬁ.l:u Ay g
[

! : Dynamic
A m Sl - - | P

X ]

Y

'ﬁl i & spikoGen & Fakhravac # AstraZeneca B pfizer
f * } Sinopharm } CovoVax f COVlran } Sputnik

A robust vaccine supply chain model in pandemics: Case of Covid-19 in Iran, Computers
& Industrial Engineering Volume 183, September 2023, 109465 58

& & Vaccine




d
Blood Supply Chain Optlmlzatlori“'“%“

Proposed Blood Supply Chain Network

Blood Collection 'Blood Storage Facnlmcs' Integrated Inventory Information
Facilities  |and Capacitated Veluclc : and Capacitated Vehicle
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Optimization in Drug Design anc_ b,
Discovery

| Artificial Intelligence In Drug Design and Discovery I

Peptide Synthesis, Small
Molecule Design, and De-
Novo Drug Designing

Identification of Drug Dosage 0~
and Drug Delivery
Effectiveness

03 Classification Between Active
and Inactive Ligands
Monitoring of Drug Release

Prediction of Protein Folding 04
and Protein-Protein
Interactions

P

05 Structure-Based Virtual
Screening
Ligand-Based Virtual
Screening

hal

Drug Repurposing and
Quantitative-Structure
Activity Relationship (QSAR)

Modelling Biomarker Discovery and

Preclinical/Clinical
Development

Prediction of Bioactivity and 02 —
Identification of |_¢_|
e 0o 0
09 Identification of Molecular
Pathways and
Polypharmacology

Physiochemical Properties
11 Primary and Secondary Drug
Screening and

Pharmaceutical
k Manufacturing 60

Prediction of Mode-of-Action 10
and ADMET Analysis
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Anti-cancer
classifier ..

Drug repositioning candidates Food molecules as candidates
for cancer treatment for cancer treatment/prevention
<

‘ Identification of potential HyperFoods for cancer prevention or improved treatment }

HyperFoods: Machine intelligent mapping of cancer-beating molecules in foods, Scientific 61
Reports volume 9, Article number: 9237 (2019)


https://www.nature.com/srep
https://www.nature.com/srep

Optimization and Big Data

Analytics

Qualitative Data

Patient Self-
Reporting

Personal Health

Devices (A.p.ps IT‘ Insuram.:e
& Companies

Sensors)

Specialists/
Hospitals/
Physician

Practices

Individual Gene

g I Medical History I

| socio-personal Data |

I Clinical Images I

I Molecular Data I

Quantitative Data

Population
Genome

N\~

Cultural Awareness
and Competence

Automatic Patient — . -
Health Monitoring | o Predictive Power || _Diagnosis |

| Drug Discovery |

Precision

— BIG DATA ANA

cing

Specialists/

Hospitals/ Insurance Public Health
Physician Companies Authorities
Practices

Incidence & Spread
of Diseases

YTICS

Association/Correlation
in Disease Causation

Disease
Predictive Power

F lation Health

(Bio)Medicine
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Qualitative Data

Socio-Cultural Data

Qualitative Analysis

Understanding of
Patient Sentiments &

Demographics
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Optimization for radioligand
Treatment

Isotopes:
B,a, Auger

Ligand

development &
@ optimization

Artificial
Intelligence

Radiomics Radiosensitization
with with PARPi/
feat I . Chemoth
Brsnrol Optimization _ S
of PSMA-
_— Radioligand —
SPECT Imaging g Treatment Receptor
(Tc99m-PSMA) upre?ulation
eg
Enzalutamide,
21 Abiraterone)
(R )
PET Imaging Immunotherapy
(PSMA and FDG) with immune
checkpoint
Dosimetry inhibitors
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Optimization of a breast cancer _
treatment protocol

Dynamic system model
How system changes over time.

Objective function Constraints
What to optimize. System & control limits.

Optimization problem
Minimize objective,
isfy constraints
20
- | 16
+ -

Y
%
T

Tumeor burden
)

0
Objective function

0 1 2 3 4 5 6
Dlug toxigity, .
optimization problem with two objectives: m|n|m|zmg tumor burden and

minimizing drug toxicity. 64



global optimization method for
skin cancer segmentation

\Mi;ima_ué Model Extract Global | Build Algorithm
optimization
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|
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' Nonsmoothed global optimization
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)
\
Compare threshold value with !
> median filtered image to !
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i
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fofincithreshold aahiue convert black and white image

I
i Apply proposed method
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Melanoma detection stage and performance analysis
A B e e e P s ey s e e e %
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| Create masking Performance Final detected :
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|
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New Auxiliary Function with Properties in Nonsmooth Global Optimization for Melanoma Skin Cancer 65
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Optimization of drug scheduling for
chemotherapy with reducmg drug toxmty

The tumor growth
equation

The drug concentration
equation

The cumulative drug
toxicity equation

The initial tumor cell
population

;

Treatment cycle

The dose of

dextrazoxane |

PR .Y Y]
G lniorf

min J = Bolza cost function :

s.t. x(f) = Dynamic motion equations ;

: Equality constraints :
’ Inequality constraints

: Boundary constraints

Cancer chemotherapy drug
scheduling optimization model

(CCDSOM)

.................... | R R AR

v OCP «
; Gauss
| discretization

Data
NLP update
problem 'y

"'gucccxﬁfu["‘--..\_\_

NLP P
Solver | P

~._solving? -~

“« | v
' h 4
Output

Optimization calculation
(Gauss pseudospectral method)

Optimization of drug scheduling for cancer chemotherapy with considering reducing cumulative drug
toxicity, Volume 9, Issue 6, June 2023
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SMART

BIOSENSORS >
Cell population biosensor

Blood pressure monitor

&, >

mE= n
-

Pregnancy test biosensor A FitBit band

A digital bandage for
vitals signs

Ny -

A saliva-based glucose

: A blood- sugar monitor A glucometer
biosensor
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(d) Smart contact lens

(f)

Photodetector
Reflected :
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Diffracted
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Incident light
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Sweat biosensors T sensor

System on body

Pl film

Sensors

Carbachol gel

Channel layers

Sweat Inlet layers
stimulation
electrodes
Skin
g_
MCU Protection circuit lontophoresis 5
electrodes Collected data
(‘GPio J¢ ( Current source ) P+ @ .
SPI1 Dual DAC P~ ® | i
Sweat

Potentiostat biosensors

interface
C E . e C ted Volt: m
TIA1 WEppy, G oen e

WEppy, @
[ ]

(ADC3J¢—{  In-amp  J«{ WEpor @ |
((ADC 4 J¢—{ Voltage divider J«{  Tsensor ]
((UART J¢—>{_Bluetooth ] £34) (User interface ]

Charging/load sharing circuit

[ Voltage regulator ]4—{ Battery HBoost convener]
>
o
H

~——v

71



B

a Components of biosensors
Analyte Receplor Transducer Signal output
° % Enzy me mmw umJL; J,«..«huJ/(ﬁ )
(@
> >_x Antiody Optical
WM™ Nucleic acid Thermal
a
( ° Cell Piezoelectric Measurable signal
b Biosensor developments to wearables
Commercial
glucose analyzer \ [ s
1973 \\// Q
Glucose blosensor g s
1962 P 2 / S

Substrate  Product H

N

Glucose test strips frs‘

| | - A
O, HO, : § Optical biosensors | Glucowatch® Nano-biosensors
et | ; 1980 : 1999 1 2000s _°
Electrode | | ; : : e 1 ,

: 1963 ; ; i

i Plezoelectric sensor i : : 2000

: : 1991 ' Continuous

; ' Subcutaneous | glucose monitoring
: i glucose monitoring |

: ‘ 1998

Oxygen ”&m DNA biosensor
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2012

Contact lens
blosensors

2012
Tooth enamel
blosensor

% B

2015
Integrated blosensors

2015 2015
Mouthguard Temporary tattoo
biosensor biosensor
2012-2018

Advanced wearable biosensor platforms




Protein Folding

Stopping \\Yes
condition

Initialization The best solution

First phase
- Differential evolution

- Auxiliary fitness function

Component - Temporal locality
or random
reinitialization

Individuals
with good

Second phase hydrophobic

k - Differential evolution
- Original fitness function

- Temporal locality

core

- Local search

Two-phase protein folding optimization on a three-dimensional AB off-lattice model
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Early Detection of Disease

New type of Data

New T‘?°|5 in all scale
New Biopsy

Non-invasive

Complex for human understanding
proper for Al

EARLY

 DETECTION
& SAVES
LIVES

Patient data

Patient family and ancestors ' data
Patient environment data
Doctor evaluation

= Detect Early,

X Treat Better
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Resolution

Multi-omics Data

Data

Sequences

NG

Typing

Population-level

Model

Phylogenetic
trees

T

e

Population
genomics

r

Prediction

Transmission
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& ©
©

Evolution and
selection

Lr oo

Clade growth

fﬁf

Global trends
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Intervention design ~ ___________________ R
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Effective and
efficient deployment
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Al and Infectious disease
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Clinical decision support

Unsupervised  Supervised

3 Linear /
Decision Polynomial
Trees Fit

Regression

Continuous

Hidden Markov
[ Model J Random Forest

Support Log
vé’ggr Regression
Machines

Classification

Discrete

Trees Naive-Bayes

Semi-supervised

Reinforcement .

153 ] Inputs / Learning - Output

Data wt o
S, . i
RS TR S TR

“ R L2 LA S Ny e
. . .

LRy BT . ‘e ¢ R T A
seT [+ R + . o~
it S LI ) o

k-
Action

[ (Update)

State
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Precision Medicine
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Precision Medicine

A Input: multi-platform data

calli
Clinical

e Yy
Al L.«;«my/‘»m%
A ! A

B Constuct precision pathway C Find optimal pathway D Visualize results

Consider candidate pathways .
~ G- ®e o
ad s ‘

‘ Accuracy

g---3

& Optimize on different criteria

Cost

b
F’. .-'.
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» "
I [
h’.
Confidence

see - 00 = oeee
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Development of disease models ~~*

A Infection biology

Gal Bl-4 GlcNAc Bl-2 Gal

. B Vaccine design

. C Treatment strategies

8 Setae B4 bam €3 Gl Macromolecular Protein or nucleic acid Anti-infective
3 o 3R, T sequences sequences susceptibility
= Protein structures T Protein structures Demographics
Microscopy and Antigen binding Pharmacokinetics
morphology information
@ g s gi:i: ; Network modeling Sequence-to-function Regression analyses
e . — cuass 3 Interaction modeling ~: C models ; Se  Geneticalgorithms
CLASS 4 : ifi :
§ T crass 5 Language models : zfi n W _,Y Ensembles of classifiers : °
T_@’ J Neural networks ' e o'
| °
n ACTIVE
"3 Immunogenicity Antigen presentation Drug efficacy
.._g.- Protein-protein interactions Vaccine efficacy Proper drug selection
o Pathogen killing and escape ’a:mﬁ Translational efficacy Combination dosing

81



Predictive analytics

HIGH DIMENSIONAL
DATA SET
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Disease Risk Assessment

. Artificial
 intelligence :

Q. ‘$
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*

*

............

Risk stratification Explained prediction
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Helping in Medical Decision
Making

il

g
i

1l
S W

=
T

Inside the operatlorr room, preasmr( timely
assistance, and the surgedn’s

ertise a‘e the key
to success. " >

-

Uncertainty in Cooperative
Decision Making Decision Making

interrelationships Time Constraint ielEldeant

effective




Brain-implanted Al chip

¥

§

£
<

Treating brain disorders using implants

Lawrence Livermore Laboratory scientists are developing a treatment for brain disorders, such as PTSD,
using microprocessors to control implanted electrode arrays. Here's how they work:

@ Electrode arrays € Control module
placed Quoror | microprocessor
g':;lr?péggr'gg: et(r:‘t?ical g' interprets brain signals
signals froi Vaflous S ﬁiﬁ%ﬁgcfimggion chips
parts of the brain. g '
€) Neuromodulation 0\\ €3 The module then directs
chips transmit B _neuromodulation chips to
signals to energize specific
a control module electrodes on the arrays,
MICroprocessor. which stimulate affected

areas of the brain.
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Nuclear Cardiology and
optimization
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New types of Breast Cancer Biopsy-:—
Breath biopsy

Sensor responses

e Volatile biomarker / %

Time . . / . ) |‘ I'|
. on i ) FAN

Supervised machine AR |
el ; . ' Sensor arrays |
learning analysis

3 / )
f \l 2= L~ —
Time
©
/
. "’
0 °)

Breath biopsy Breast cancer ce

Breath biopsy of breast cancer using sensor array signals and machine learning analysis,
Scientific Reports volume 11, Article number: 103 (2021) 88
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Anterior segment Posterior segment Fundus diseases

diseases

Visual field abnormalities

abnormalities

Anterior chamber
abnormalities

Anterior chamber

angle abnormalities

Anterior segment
abnormalities

Retinal vascular
diseases

Corneal abnormalities Orbital diseases Retinal and choroidal

diseases

[1] A. Rao Et al., “Accessible art|f|C|aI intelligence for ophthalmologists,” Eye, vol. 36, pp. 683, 2022.

[2] S. Jeon Et al., “Al papers in ophthalmology made simple,” Eye, vol. 34, pp. 1947-1949, 2020.
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CKD-MBD®*#1
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Pathological diagnosis 1>

ICD-11

Make appropriate ICD Codes **!

R b—

Assistance of needle insertion!””"

Anemial®*% Wearable dialysis devices!”7

Blood pressure and fluid volume management”"!

Guiding treatment

[1] T. J. Loftus Et al.,, “Artificial intelligence-enabled decision support
nephrology,” Nature Reviews Nephrology, vol. 18, pp. 452-465, 2022.
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Al in Otolaryngology

a ® ® ®

Multi-modal  Other assistive  Cognitive

sensors technologies

Hearing device

Sound

Automated fitting and
self-guided therapy

Sound-to-neuron matching (HA)
@ Electrode-to-neuron matching (Cl)
Drug delivery (Cl)

\
- |

Screening and diagnosis

control

Denoising

Sound (HA)

Current (Cl)

Devices and implantation

Fitting and therapy

Initial screening reveals deficit and
periodic testing is used to monitor
progression. HAs are provided until
loss becomes severe and a Cl surgery
Now | Is scheduled.

* Decisions are made with high
uncertainty about the nature of the

Current hearing devices work well for
speech in quiet, but not for speech in
noise or for complex sounds such as
music.

* HAs restore audibility but sounds
remain distorted
+ Cls produce diffuse electrical

Fitting of Cls by clinician through
an ad hoc process. Support for
development through speech and
language therapist.

« In-person service is labour intensive
and decisions are made with high
uncertainty surrounding optimal device

and other patient information to:

* Determine the cause of the deficit

* Predict the time course and
ultimately severity of its progression

With Al | * Predict the relative benefit of
different HAs and Cls

* Determine the optimal time for
intervention with respect to
development, mental health and
lifestyle

* Provide task-specific processing of
ing sounds such as speech denoising

* Provide multi-modal augmented reality
and closed-loop cognitive control

+ Optimize sound-to-sound (HA) or
sound-to-current (Cl) mapping to
restore nal or near-normal neural
activity (6)(7) )

+ Determine optimal timing and dose of
associated biological therapies, for
example for nerve regeneration

deficit and the relative benefits of stimulation that degrades speech seftings or therapy progression
different treatments perception in noisy environments
Data from hearing tests are fused Improved HAs or Cls are with device and
with genetics, imaging, other @ to: self-guided therapy to:

* Provide personalized service,
especially for special cases such as
autism or dementia

* Provide continuous monitoring of
device status and wamings of
malfunction

* Provide ongoing optimization of
device settings to account for brain
plasticity

« Provide secure, always-on therapy
with continuous adaptation to
developmental or degenerative
needs ()

[1] N. A. Lesica Et al., “Harnessing the power of artificial intelligence to transform hearing
healthcare and research,” Nature Machine Intelligence, vol. 3, pp. 840-849, 2021.
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Optimization and Obstetrics
and Gynecology

st LYy
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Automatic segmentation of the nuchal
membrane and the edge of the soft
tissue overlying the cervical spine

Automatic mid-sagittal plane detection

Medical
Devices

Medical

Telehealth . :
Diagnosis

Robotic
Surgery

Clinical
Trials

- ol &
i '@‘

Artificial Intelligence

Calculates the minimum vertical distance
hetween the fwa line< and camnntec the

endometriosis
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Optimization in Pediatrics

Previous m
infection ﬁ \R) Exposme
Serology

l @@ Reacent

RT-PCR
MIS-C children N = 8525
98% positive test for SARS CoV-2;
remaining 2% history of exposure

MULTISYSTEM INFLAMMATORY SYNDROME IN CHILDREN (MIS-C)

Severe complications:
Cardiac dysfunction - 31%
Shock - 37%

Pericardial effusion - 23%
Myocarditis - 17%
Coronary artery dilation/
aneurysms - 16.5%

Acute kidney injury - 18%

Conjunctival hyperemia - 54%
Vomiting - 64%

Abdominal pain - 67%
Diarrhea - 54%

Hypotension - 51%

Rash - 56%

Median age - 9 (IQR 5-13) y

(range: 2 weeks to 20y) <1y-3.3%

Male (61%)

RT-PCR + : 52%

Hispanic 24.6%

Non-Hispanic Black 30.6%
Non-Hispanic White 34.6%

Asian 2.5%

Pre-existing
conditions
13

[1] Sitek Et al.,
Research, 2022.
[2] H. Liang Et al.,

Nature Medicine, vol. 25, pp.

Serology + : 83%

Thrombocytopenia - 40%
Lymphopenia - 31%

Risk factors:
Obesity
(31%)

433-438, 2019.

Treatment:

IVIG - 81%
Steroids - 71%
Antiplatelet Rx - 59%
Anticoagulant - 44%
Vasoactive meds - 42%

ICU admission
(58%)
LOS-5(3-7)d

Deaths
N =69 (0.81%)

Belay etal JAMA Pednalncs 2021; Godfred- Cato et al MMWR 2020

“Artificial intelligence in the diagnosis of necrotising enterocolitis in newborns,“Pediatric

“Evaluation and accurate diagnoses of pediatric diseases using artificial intelligence,”

[3] L. A. Knake Et al., “Artificial intelligence in pediatrics: the future is now,” Pediatric Research, 2022. 93



Unknown patients

Previous patients i W
>
i M Input
>
Train /

ph Remifentanil dosage
increase event
>

Anesthesiologist decision

[1]N. Miyaguchi Et al.,, “Predicting anesthetic infusion events using machine learning,” Scientific
Reports, vol. 11, No. 23648, 2021. 94



Optimization and Orthopedics

Local
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: Hierarchical

Structur :
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The advances of topology optimization techniques in orthopedic implants
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Optimization in Pain Managemen

5 Study aims oo pind
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"No. pain sites vi. Risk of pain spreading
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Al Challenges a | M

AN
‘ Bias in data sets, and selection of algorithms

‘ Lack of transparency Explainable artificial intelligence (XAl)

|
‘ Inaccurate results
|
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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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