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Artificial intelligence (wikipedia)

the ability of a computer program or a machine to
think and learn. It is also a field of study which tries
to make computers "smart".

They work on their own without being encoded
with commands.

John McCarthy came up with the name "artificial
intelligence" in 1955.

https://ja.wikipedia.org
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Luddite movement
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Will Artificial Intelligence Steal
your Job?

S\ Wichael K. Spencer
3 P *

0 Imagine a world where you are competing against machines to be more creative,
: in order to survive economically.
L

There’s something very sensational about how machine learning, automation

and disruptive new uses of deep learning and robots will impact our tasks at
work and make our jobs obsolete. We can expect this to occur gradually over
the next 30 years in:

* Retail

* Customer service

+ Manufacturing

« Transportation

* Media & Content

+ Finance & Banking

Delivery & Logistic s

+ Construction

Human Resources

Sales & Marketing

* Government & Administration

Healthcare

the balance

-

*

ALL CAREER PATHS>

THE BALANCE CAREERS

How Artificial Intelligence is
Changing Your Career in
Medicine
0000

How

Medical Research Medical lmaging

Surgery Practicing Virtual Medicine
Jobs for Technology Creators AL Jobs That Pay Well

Artificial intelligence (A1) has transformed
many sectors of the economy and has a
particularly significant effect on the delivery
of healthe:

What is artificial intelligence
anyway. and how wil it impact your career in

medicine? Google Dictionary defines artificial
inteligence as “The theory and development
of computer systems able to perform tasks that normally require human intelligence.

such . speech recognition, and translation
between languages:

How Artificial Intelligence is Changing Healthcare

Artificialinteligence will have a significant impact on the way that medical
professionals train and how they conduct their jobs. It wll also provide many career
options for information technology (IT) professionals who create and modify artificial
inteligence products for the medical industry.

The impact on careers for medical professionals will be very significant. There are Al
programs and tools - both in use and in development - for diagnostics, imaging.
determining treatment. and surgery.

£ ot Hanara expmt dot axpec il agence o wiece
. humans. Instead, Al will help medical professionals to carry out their roles in
Jsste oo fecively

Medical Diagnostics

The aspect of healthcare delivery in which artificialinteligence will have the most
significant impact is in the diagnostic process. In particular, Al willaid in diagnosing
complex cases and rare diseases where even the best-trained professionals may be
challenged by processing a large number of patient symptoms. lab results. medical
histories, diagnostic images, and patient characteristics. Al diagnostic products
generate as output disease scenarios that result from the combination of data inputs
into the system.
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Deep Learning
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https://devblogs.nvidia.com/accelerate-machine-learning-cudnn-deep-neural-network-library/

Convolutional deep belief networks for scalable unsupervised learning of hierarchical representations
by Lee, Honglak; Grosse, Roger; Ranganath, Rajesh; Ng, Andrew

o Use this photo

From Images to Actions:
Opportunities for Artificial Intelligence
in Radiology'

Use your own photo *

https://www.what-dog.net/

TVIHOLIG = Asviran

Crares E.Katn, WD, NS

Radiology 2017; 285:719-720




Grad-CAM: Visual Explanations from Deep

Networks via Gradient-based Localization
arXiv:1610.02391v3

(b) Guided Backprop ‘Cat’

(¢) Original Image  (h) Guided Backprop ‘Dog’ (i) Grad-CAM ‘Dog’
Sigure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
sighlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
ions achieved by our Grad-CAM technique, (<) are very similar to results from occlusion sensitivity (e),

‘esolution cl liscriminative vi the
vhile being orders of magnitude cheaper to compute. (f, 1) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, 1), red regions corresponds to high score for

(a) Original Image

(j) Guided Grad-CAM “Dog’ (k) Occlusion map for ‘Dog’ (1) ResNet Grad-CAM ‘Dog’

:lass, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

LIME

Local Interpretable Model-Agnostic Explanations
“Why Should | Trust You?” Explaining the Predictions of Any Classifier

https://www.kdd.org/kdd2016/papers/files/rfp0573-ribeiroA.pdf

Perturbed Instances | P(tree frog) A 3
PR
= LN
- % .

’ ’ Locélly v;éighted
regression
— n I

Original Image
P(tree frog) = 0.54

Explanation
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Interpretable Explanations of Black
Boxes by Meaningful Perturbation

arXiv:1704.03296v3

flute: 0.9973 flute: 0.0007 Learned Mask

Figure 1. An example of a mask learned (right) by blurring an
image (middle) to suppress the softmax probability of its target
class (left: original image; softmax scores above images).

Activatign Atlas

https://ai.googleblog.com/2019/03/exploring-neural-networks.html
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Activation Atlas

https://ai.googleblog.com/2019/03/exploring-neural-networks.html

What Does the Network See?
https://distill.oub/2018/building-blocks/

Semantic dictionaries give us a fine-grained look at an
activation: what does each single neuron detect? Building off

this representation, we can also consider an activation vector T h e B u I | d I n B | O C ks Of
as awhole. Instead of visualizing individual neurons, we can g

instead visualize the combination of neurons that fire at a

given spatial location. (Concretely, we optimize the image to HH

e e i e Interpreta ity

o Interpretability techniques are normally
= ' - = studied in isolation.
W e

‘Applying this technique to all the activation vectors allows us to not only see what the
network detects at each position, but also what the network understands of the input image

as a whole.

INBUT IMAGE ATTRIBUTION 8Y FACTORIZED GROUPS
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A Neural Network Playground

5 Epoch Leamning rats Activation Reguiarization Regularization rate Proble type
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http://playground.tensorflow.org

Activation Atlas

1. grey whale 91.0% 1 great white shark 66.7%
2 killer whale 75% 2. baseball 7.4%
38 great white shark 0.7% 3. grey whale 41%
4. gar 0.4% 4. sombrero 3.2%

https://ai.googleblog.com/2019/03/exploring-neural-networks.html




Adversarial Attack

arXiv:1312.6199v4
Intriguing properties of neural networks
Christian Szegedy, Wojciech Zaremba, llya
Sutskever, Joan Bruna, Dumitru Erhan, lan
Goodfellow, Rob Fergus

person : 0.992

https://www.commonlounge.com/discussion/582b055204d74a21bec99ee5e12¢3290
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lomputer vision

(a (b) (c)

https://www.semanticscholar.org/paper/Multi-Organ-Segmentation-
with-Missing-Organs-in-CT-Suzuki-
Linguraru/6eb466ef807318bfa596288108207a5542455020

https://github.com/Shikhargupta/computer-vision-techniques/blob/master/README.md

https://github.com/Shikhargupta/computer-vision-techniques/blob/master/README.md
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I\/Iachine Learning Pediatric Bone Age
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The caBIG™ Annotation and Image Markup Project

David S. Channin," Pattanasak Mongkolwat," Vladimir Kleper," Kastubh Sepukar,? and Daniel L. Rubin?

Image annotation and markup are at the core of medical
interpretation in both the clinical and the research
setting. Digital medical images are managed with the
DICOM standard format. While DICOM contains a large
amount of meta-data about whom, where, and how the
image was acquired, DICOM says little about the
content or meaning of the pixel data. An image
is the y or

about the pixel data of an image that is generated by a
human or machine observer. An image markup is the
graphical symbols placed over the image to depict an
annotation. While DICOM is the standard for medical
image isi ission, storage,
and display, there are no standards for image annotation
and markup. Many systems expect annotation to be
reported verbally, while markups are stored in graphical
overlays or proprietary formats. This makes it difficult to
extract and compute with both of them. The goal of the
Annotation and Image Markup (AIM) project is to
develop a mechanism, for modeling, capturing, and
serializing image annotation and markup data that can
be adopted as a standard by the medical imaging
community. The AIM project produces both human-
and machine-readable artifacts. This paper describes
the AIM information model, schemas, software libraries,
and tools so as to prepare researchers and developers
for their use of AIM.

KEY WORDS: Image annotation, image markup, caBIG,

Moreover, the majority of the human observed
image feature descriptions are captured only as
free text. This free text is often not associated with
the spatial location of the feature, making it
difficult to relate image observations to their
corresponding image locations. It is difficult for
both humans and machines to index, qucry, and
search free text in order to retrie~
features based on these free text

Journal of Digital Imaging
April 2010, Volume 23, Issue 2, pp 217-225
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