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Amazon Alexa

A Avirtual assistantl,

A Voice interaction

A music playback

A makingto-do lists

A setting alarms

A streaming podcasts

A playing audiobooks

A providingweather, traffic, sports, and other redéime information, such asews

A Alexacan also control severamart devicessing itself as Aome automatiorsystem.

A Usersare able to extend the Alexa caPabiIities by installing "skills" (additional functionality
developed by thirgparty vendors, in other settings more commonly caligubssuch as weather
programs and audio features).


https://en.wikipedia.org/wiki/Virtual_assistant
https://en.wikipedia.org/wiki/AI
https://en.wikipedia.org/wiki/Alarm_clock
https://en.wikipedia.org/wiki/News
https://en.wikipedia.org/wiki/Smart_device
https://en.wikipedia.org/wiki/Home_automation
https://en.wikipedia.org/wiki/Mobile_app
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ASelfdriving car, (autonomous vehicle (AV)) connected and
autonomous vehicle (CAV), driverless oalno-car, or robotic car
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I Under the bonnet

How a self-driving car works

Signals from GPS (global positioning system) Lidar (light detection and ranging)

satellites are combined with readings from sensors bounce pulses of light off the

tachometers, altimeters O surroundings. These are analysed to

and gyroscopes to provide identify lane markings and the

more accurate positioning ) o edges of roads

than is possible with

ik Video cameras detect traffic lights,
read road signs, keep track of the

Radar position of other vehicles and look

sensor out for pedestrians and obstacles

Ultrasonic sensors may
be used to measure the
position of objects very
close to the vehicle,
such as curbs and other
vehicles when parking

Source: The Economist

on the road

manipulates the steering,

accelerator and brakes. Its

software must understand Radar sensors momhorthe position of other
the rules of the road, both vehicles nearby. Such sensors are already used
formal and informal in adaptive cruise-control systems



According to the manufacturer,
Sophia uses:

1. Artificial intelligence _
2. Visuablata processing and faciadcognition‘

3. Imitateshuman gestures and facial expressions

4. Isable to answer certain questions and to make simple
conversations on predefined topics (e.g. on the weather
5. Usewvoice recognition (speeeln-text) technology

6. isdesigned to get smarter ovéime

7. speechksynthesisability alsoallows her tosing

8. TheAl program analyses conversations and extracts data that
allows it to improve responses in the future.
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ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data
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https://en.wikipedia.org/wiki/Neuron






https://www.bioalternatives.com/en/catalogue/hippocam https://www.sciencephoto.com/media/796913/view/cor
palneuronnetwork-glutamateintoxicated/ ticalneuronssem
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Multilayer feedforward Artificial Neural Network
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Neuroscience Scholars Program Intel !)acks 8 n3|II|on digital neurons
onto its brain-like computer

Using 64 Loihi processors, the company takes a notable step toward a
Advanced Search
digital brain.

JNeurosci  momsmms

THE JOURNAL OF NEUROSCIENCE ! Surdhdl Submit a Manuscript
s To YEARS

@ Stephen Shankland ! July 15, 2019 6:30 AM PDT ~ @
HOME CONTENT ALERTS FOR AUTHORS EDITORIAL BOARD ABOUT SUBSCRIBE
Q Previous Next ©
Featured Article | BRIEF COMMUNICATIONS

Isotropic Fractionator: A Simple, Rapid Method for the Quantification of Total Cell
and Neuron Numbers in the Brain

Suzana Herculano-Houzel and Roberto Lent
Journal of Neuroscience 9 March 2005, 25 (10) 2518-2521; DOI: hitps://doi.orgi10.1523/JNEUROSCI1.4526-04.2005

Article Figures & Data Info & Metrics elLetters B PDF .
In this issue

Abstract

Journal of Neuroscience

Vol 25, Issue 10

9 Mar 2005

Stereological techniques that estimate cell numbers must be restricted to well defined structures of Table of Contents

isotropic architecture and therefore do not apply to the whole brain or to large neural regions. We e
Index by author

developed a novel, fast, and inexpensive method to quantify total numbers of neuronal and non-
neuronal cells in the brain or any dissectable regions thereof. It consists of transforming highly
anisotropic brain structures into homogeneous, isotropic suspensions of cell nuclei, which can be

ranntad and identifiad immunncutarhamicaliv ac natrnnal Ar nan_nanrnnal Ectimatac nf tntal rall

Intel fits 16 neuromorphic Loihi chips on its Nahuku board. It uses 64 of the research chips to make its
8-million neuron Pohoiki Beach computer.

Intel

https://www.jneurosci.org/content/25/10/2518
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A Istodds on that a machine - or organ - with sluggishly functioning components and a parallel mode of operation would be able to thrash a

https://human-memory.net/brainneuronssynapses/

computer with

high speed components but a sequential modeofoper at i ono

J. Copeland, Artificial Intelligence. Oxford: Blackwell Publishers, 1993.
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THE LANCET

Artificial neural networks in pathology and medical laboratories

Richard Dybowski, Vanya Gant

Clinical pathology laboratories are busier than ever.
Small pathology laboratories are merging with larger ones,
which concentrates more work of the same repetitive
nature in one place. As in the car industry, laboratory
managers have turned to machines for these repetitive
tasks because it is easier to recover the initially high
capital cost of automation with high turnover. Machines
now handle many types of al sample and are almost
invariably linked to inexpensive high-performance
microcomputers; these in turn have so enhanced the
housekeeping aspects of a modern clinical pathology
laboratory that “laboratory life before the computer” is
almost impossible to comprehend.
This integration of the computer
within pathology laboratories, as
record keeper, process controller,
data  tracker, and  number
cruncher, owes its success to the Numbers

Chemical pathology

in dot i nts
fact that computers excel in doing [ ¥hen MeAsyEmants)

! - ! eg, "Serum Na® = .. ."
the same job very quickly without

error, often  unsupervised, 24

Many strategies have been developed 10 enable computers
to classify data, the three principal ones being statistics,
machine-learning techniques® (such as decision trees),’
and artificial neural networks,

Some samples that reach the pathology laboratory yield
crisp data (“The serum sodium is . . .” or “There is a
meningococcus in this blood culture . . ."); in other
words, single numerical values or descriptors. Such data
can be interpreted as being within a statstically defined
normal range or not, and can be flagged as such by the
simplest of hand-held computers. Other data are more
complex, both in the relations between the features and in

Micrabiology Histopathology

B

Numbers; descriptars Complex figures;

(colony counts; identification imprecise linguistic statements
of microorganisns) eg, “The section shows .. ."

g, ">10%E coli per mL*

hours a day. It is easy to seo how  FIEUTE 1: Spectrum of pathology data as seen by clinicians

this leads to decreased sample

turnaround time, a commodity increasingly demanded by
managers and valued by clinicians. These roles for
computers are perfectly tailored to the repetitive actions
of the computer microprocessor chip; but they are really
doing nothing more than acting as very fast electric filing
cabinets. This article describes how artificial neural
networks can extend the capabilities of computers within
clinical pathology.

Classifying data: when is more than speed
needed?

Programming a comp, 1
management is straig m _{
“dumb”™ role for comy

pathologists  and  labx

relevant to clinical path - B ’ b

o specify as a comp
decision making. To :
would be advantageou
sample throughput but
In pathology, decisions
the ability to classify
malignant?” “Is the iso’ <
this site relevant?” 1

{1n
I>h

r

Lancet 1995, 346: 120

See Commentary page W
Infection and Immunity Lat

UMDS (St Thomas' Campu

London SEL 7EH, UK (R Dy

Comespondence to: Dr Vanya Gant

their interpretation (ie, assigned class). One example
would be the technical identification steps required for,
and rhe interpretation of, a mixed growth of coliforms
and enterococci in an ileal conduit urine. Even more
complex examples can be found in histopathology and
cytology, where data are almost invariably figurative with
complex correlations between the fearures, and where
reports are almost always in words (figure 1). Here
samples are even more difficult for machines to classify
because analysis is intimately linked to interpretation, and
“homtan e tachane ofen subject o individual

h - f difficult to train a machine

€s on a cervical y'mlogy/\

fy such fearures into, fi
to “moderate” dysplastic
¢ defined qwipe differently
_l only is there no absolute
" a cell or of a cytological
ent of normality but Mso it

1 opnds of such alityy
h &c% are s0 :uw;rx IJA

- requires a highly adaptive

/\ t (;‘ theknatical functio?whic:ﬁ {

(eg, clinical features) to ai
- iikelihood of streprococcal
© a data set is medified by
B A h irtificial neural network is a
:ssion model, the flexibility
:dronal connections within
e ncseoiin. eenes sausawced The advantage of flexibility
when he used a nerwork to classify peripheral blood

A}

Vol 346 « November 4, 1995
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Translational Al and Deep Learning in
Diagnostic Pathology

Ahmed Serag, Adrian lon-Margineanu, Hammad Qureshi, Ryan McMillan,
Marie-Judith Saint Martin, Jim Diamond, Paul O’Reilly” and Peter Hamilton ™

Lifa Sciancas FAD Hub, Digital and Computational Pathology, Philps, Belfast, United Kingdom

There has been an exponential growth in the application of Al in health and in pathology.

This is resulting in the innovation of deep learning technologies that are specifically aimed

at cellular imaging and practical applications that could transform diagnostic pathology.

This paper reviews the different approaches to deep learming in pathology, the public

grand challenges that have driven this innovation and a range of emerging applications

in pathology. The translation of Al into clinical practice will require applications to be

embedded seamlessly within digital pathology workflows, driving an integrated approach

to diagnostics and providing pathologists with new tools that accelerate workflow and

OPEN ACCESS  improve diagnostic consistency and reduce errors. The clearance of digital pathology for
Edited by: primary diagnosis in the US by some manufacturers provides the platform on which

April Khadermi, to deliver practical Al. Al and computational pathology will continue to mature as
Ayerson University, Canac  researchers, clinicians, industry, regulatory organizations and patient advocacy groups

FIGURE 4 | PD-L1 imaging in lung cancer. Deep learning can be used to

Reviewedby:  \yorlc together to innovate and deliver new technologies to health care providers:
Femando Schmit, . . . . . 5. o . age o "ys .
sy o, g 180N N0IogIes which o befer, faste, ohoapsr, moro precise, and saf. identify and distinguish positive | negative tumor cells and positive | negative
7 ftas Fesaarch Hospital, ﬁﬁﬂf MW’ mmﬁarﬁﬁciﬂl intelligence, computational pathology, image analysis, neural inﬂ matory Ce"s.

Patar Hamitton
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Cytological Images

Ar

cial Neural Networks as Decision Support Tools
in Cytopathology: Past, Present, and Future

»

Libertas Academica

Abraham Pouliakis', Efrossyni Karakitsou?, Niki Margari', Panagiotis Bountris®, Maria Haritou?,
John Panayiotides?, Dimitrios Koutsouris® and Petros Karakitsos'

(step a)

Segmentation and morphometric feature extraction

Or

Transformation (for example Fourier transform)

Department of Cytopathology, National and Kapodistrian University of Athens, Medical Schoal, Attikon University Hospital, Athens, Greece.
?2nd Department of Patnology, National and Kapodistrian University of Atnens, Medical School, Attikon University Hospital, Athens, Greece.
3IBiomedical Engineering Laboratory, National Technical University of Athens, Athens, Greece. “Institute of Communication and Computer
Systems, Athens, Greece.

ABSTRACT

OBJECTIVE: This study aims to analyze the role of artificial neural networks (ANNS) in cytopathology. More specifically, it aims to highlight the
importance of employing ANN’s in existing and future applications and in identifying unexplored or poorly explored research topics.

STUDY DESIGN: A systematic search was conducted in scientific databases for articles related to cytopathology and ANNs with respect to anatomical
places of the human body where cytopathology is performed. For cach anatomic system/organ, the major outcomes described in the scientific literature are
presented and the most important aspects are highlighted.

RESULTS: The vast majority of ANN applications are related to cervical cytopathology, specifically for the ANN-based, semiautomated commercial
diagnostic system PAPNET. For cervical cytopathology, there is a plethora of studies relevant to the diagnostic accuracy; in addition, there are also efforts

evaluating cost-cffectiveness and applications on primary, secondary, or hybrid screening. For the rest of the ical sites, such as the

system, thyroid gland, urinary tract, and breast, there are significantly less efforts relevant to the application of ANNs. Additionally, there are still anatomi-
cal systems for which ANNs have never been applied on their cytological material.

CONCLUSIONS: Cytopathology is an ideal discipline to apply ANNs. In general, diagnosis is performed by experts via the light microscope. However,
this approach introduces subjectivity, because this is not a universal and objective measurement process. This has resulted in the existence of a gray zone
between normal and pathological cases. From the analysis of related articles, it is obvious that there is a need to perform more thorough analyses, using
extensive number of cases and particularly for the nonexplored organs. Efforts to apply such systems within the laboratory test environment are required

No processing (step b)

Features or
pixels

(step ¢)

Additional inputs

(clinical/demographic data,

descriptive cytological
characteristics)

Data separation (step d)

Training

Validation

(step ¢)

ANN Training

ANN Testing

ANN Validation

for their future uptake.

KEYWORDS: artificial neural networks, neural networks, artificial intelligence, cytopathology, cytology, review, automation, computer-assisted

diagnosis, decision support

CITATION: Pouliakis et al. Artiicial Neural Networks as Decision Support Tools in
Cytopathology: Past, Present, and Future. Siomedical
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Introduction

Computer science and artificial intelligence have enabled the
development of computer-aided systems to support clinical diag-
nosis or therapeutic and treatment decisions. Many machine
learning methodologies such as neural networks,'” discrimi-

nant analysis, "’ 10,11

classification and regression trees,'*!! genetic
algorithms,'? and recently, deep learning'>!* have been success-
fully used in medicine, whereas other techniques are in the cen-
ter of curtent research studies.

Cytopathology is a relatively new medical discipline,
which in most countries is considered to be a branch of
pathology. In cytopathology, diseases are studied and diag-
nosed at a cellular level (free cells or small tissue fragments
traditionally examined via the microscope). This discipline

was founded by Papanicolaou in 1928% and became popular

when he proposed the worldwide known Pap test. This test
is used as a screening tool for detecting precancerous cervi-
cal lesions and thus preventing cervical cancer (CxCa).1"1#
However, CxCa is not the sole discase that cytopathol-
ogy deals with. Even in its carly days,'"?! cytopathology
was commonly used to investigate thyroid lesions, fluids
in body cavities (peritoneal, pleural, pericardial, and cere-
brospinal), and in almost the total range of body sites. In
addition, cell study is not only used for cancer diagnosis,
but it can also be employed for the diagnosis of infectious
diseases and inflammatory conditions (eg, viruses, fungi,
and bacteria). One of the major advantages of cytopathol-
ogy practice is its noninvasive or minimally invasive nature,
ic, the biological material is cxtracted from the patients in
a painless manner (cg, cells are extracted using a brush,
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Abstract: Infectious disease occurs when a person is infected by a pathogen from another person or
an animal. [t is a problem that causes harm at both individual and macro scales. The Korea Center
for Disease Control (KCDC) operates a surveillance system to minimize infectious disease contagions.
However, in this system, it is difficult to immediately act against infectious disease because of missing
and delayed reports. Moreover, infectious disease trends are not known, which means prediction
is not easy. This study predicts infectious diseases by optimizing the parameters of deep learning
algorithms while considering big data including social media data. The performance of the deep
neural network (DNN) and long-short term memory (LSTM) learning models were compared with
the autoregressive integrated moving average (ARIMA) when predicting three infectious diseases one
week into the future. The results show that the DNN and LSTM models perform better than ARIMA.
When predicting chickenpox, the top-10 DNN and LSTM models improved average performance
by 24% and 19%, respectively. The DNN model performed stably and the LSTM model was more
accurate when infectious disease was spreading. We believe that this study’s models can help
eliminate reporting delays in existing surveillance systems and, therefore, minimize costs to society.

Keywords: infectious disease prediction; deep neural network; long short-term memory; deep learning;
social media big data
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Abstract

Climate change has been described to raise outbreaks of water-born infectious diseases
and increases public health concerns. This study aimed at finding out these impacts on chol-
era infections by using Artificial Neural Networks (ANNs) from 2021 to 2050. Daily data for
cholera infection cases in Qom city, which is located in the center of Iran, were analyzed
from 1998 to 2016. To determine the best lag time and combination of inputs, Gamma Test
(GT) was applied. General circulation model outputs were utilized to project future climate
pattern under two scenarios of Representative Concentration Pathway (RCP2.6 and
RCP8.5). Statistical downscaling was done to produce high-resolution synthetic time series
weather dataset. ANNs were applied for simulating the impact of climate change on cholera.
The observed climate variables including maximum and minimum temperatures and preci
tation were tagged as predictors in ANNs. Cholera cases were considered as the target out-
come variable. Projected future (2020—-2050) climate in previous step was carried out to
assess future cholera incidence. A seasonal trend in cholera infection was seen. Our results
elucidated that the best lag time was 21 days. According to the results of downscaling tool,
future climate in the study area by 2050 will be warmer and wetter. Simulation of cholera

cases indicated that there is a clear trend of increasing cholera cases under the worst sce-
nario (RCP8.5) by the year 2050 and the highest cholera cases observe in warmer months.
The precipitation was recognized as the most effective input variable by sensitivity analysis.
We observed a sign| ant correlation between low precipitation and cholera infection. There
is a strong evidence to show that cholera disease is correlated with environment variables,
as low precipitation and high temperatures in warmer months could provide the swifter bac-
terial replication. These conditions in Iran, especially in the central parts, may raise the chol-
era infection rates. Furthermore, ANNs is an executive tool to simulate the impact of climate

change on cholera to estimate the future trend of cholera incidence for adopting protective
measures in endemic areas.

role in study design, data and analysis,
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lata from January 1998 to December 2016 were col-
enters for Disease Control and Prevention” at Qom Univer-

sity of Medical Sciences. Systematic cholera surveillance has been started working from 1998
epidemic in Qom, Iran; therefore, there was not available any cholera data for previous year.
The suspected cholera cases were diagnosed by the conventional culture technique and con-
firmed as cholera case-counts.

Meteorological dat
nization

Meteorological data were collected from Iran Meteorological Orga-
r the period of 1976 to 2016. Data were collected regarding daily minimum




