
¾z½wí ÿ ĈÝĀþÎù ÇĀă wz ĈĉwþÉj āwñ½wí ćwă¹
ćÁĀõĀîýj ½¹ ûj

āºþă¹ Ăĉv½v 5ĈþĊÆ³ ĈÅĀùºĊÅ
ûv¾ĉv ¢ÞþÍ ÿ øöÝ āwòÊýv¹ Iç¾z ĈÅºþĄù ć¾¤í¹



yõwÖù ¢Å¾Ąå

ˁĂùºêùĈÝĀþÎù ÇĀă ¾z ćv

ˁ  ćÁĀõĀîýj ½¹ ĈÝĀþÎù ÇĀă ćwă¹¾z½wí

ˁÜú«ćºþz

2



ĂùºêùĈÝĀþÎù ÇĀă ¾z ćv

3

ˁK¢ÆĊ¯ ĈÝĀþÎù ÇĀă
ˁĈÝĀþÎù ÇĀă Ă°¸ĉ½w£
ˁãvºăv
ˁwĄÉÿ½

ˁwă¹¾z½wí



K¢ÆĊ¯ ĈÝĀþÎù ÇĀă

ˁ ĈÝĀþÎù ÇĀă$ai#

ˁ¿ÿ¾ùv Ĉñºý¿ ½¹ ĈÞĊÅÿ ćwă¹¾z½wí
ˁĈ¤ý¾¤þĉv ćĀ¬¤Æ« ćwă½Ā£Āù
ˁvĀ¤´ù ¹wĄþÊĊ~ ĂýwùwÅ
ˁĈýwÆýv ½w¤æñ ë½¹
ˁçĒ· ÿ ºõĀù ćwă½vÀzv

¾£v¾å wĉ ÿ ĈýwÆýv ÇĀă wz ćwĄþĊÉwù ¢·wÅÿ Ĉ³v¾Õ ãºă wz ¢Åv ĈÅºþĄù ÿ¾£ĀĊ ùwí IĈÑwĉ½ ÷ĀöÝ ¿v ćv ā¿Ā³)

4



ˁ ÔÅĀ£ ĈÝĀþÎù ÇĀă ±ĒÖÍv Ĉ£½wí ìù ûw« ûw¤Æzw£ Ăí Ĉăwñ½wí ½¹,401 ¹wĄþÊĊ~ ºÉ½vÀñ¾z ¥Āú£½v¹ ½¹
ºĉ¹¾ñ
ˁðþĉ½Ā£ üõj 5ĈþĊÉwù ÇĀă ĈÑwĉ½ Ĉýw{ù

ˁÜĉ¾Å ĈĉwåĀîÉ5
ˁArthur Samuelôs ñCheckers playing programò

ˁĈÝĀþÎù Ĉ{ÎÝ ćwă Ăî{É
ˁìĊ£wz½ ĂÞÅĀ£

ˁóĀåv Ûÿ¾É
ˁ¹Ā{ý ô³ ôzwé ¾£ āºĊ°Ċ~ ôĉwÆù
ˁĈõwù ¢ĉwú³ Èăwí
ˁĈÝĀþÎù ÇĀă ûw¤Æù¿$-+++(,432#

āw£Āí Ă°¸ĉ½w£

5



Arthur Samuelôs Checkers playing computer
MA-3 Arm with Belgrade Hand

6



ĈÝĀþÎù ÇĀă ûw¤Æù¿

ˁ,411 5ĈþĊÉwù Ăú«¾£ ¢ÆîÉ
ˁ,42, 5ûÿ¾¤ Å¾~ ĂĊõÿv óºù Ăz ¡v¹wê¤ýv
ˁ,42. 5ºþîĊù èöÞù v½ ĈÝĀþÎù ÇĀă ¡wêĊê´£ w~½v¹
ˁ,433 5ĈÝĀþÎù ÇĀă ½¹ wîĉ¾ùv ¢õÿ¹ ć½v¼ñ Ăĉwù¾Å Èăwí

ˁ,44+ 5 ćwă āÁÿ¾~ èĊöÞ£expert systems

the spirit is willing but the flesh is weak 

the vodka is good but the meat is rotten 

7



ˁć¿wÅ¿wz ûv½ÿ¹
ˁ ćwĊý¹ ôĉwÆùĈÞévÿ

ˁĈ¤·wþÉ ćwă¹¾îöúÝ ¾¤êĊúÝ ĂÞõwÖù
ˁäö¤¸ù ćwă ā¿Ā³ Ăz ĈÝĀþÎù ÇĀă øĊÆê£

ˁ ĂÞÅĀ£expert systems

ˁºĉº« ćwă āºý¿v¹¾~ ÿ ¢ý¾¤þĉv Üzwþù ¿v ćºþù ā¾Ąz
ˁ ĂÞÅĀ£AI ā¹v¹ ¾z Ĉþ¤{ù$ï½Àz ćwă ā¹v¹ Ăz ĈÅ¾¤Å¹#

Å¹wĉ¿ Èýv¹
ÅĂõwÆù ô³ ĈåwÊ¤ív ćwĄÉÿ½

8



 ĈĉwåĀîÉ$ ¿v-+,-ûĀþí w£#

ˁ āÁÿ¾~ImageNet ć¾£¾z ÿdeep learning

ˁ ¢åwÅÿ¾îĉwù IôñĀñ ¾ĊÚý ï½Àz ćwĄ¤í¾É ÔÅĀ£ ć½v¼ñ Ăĉwù¾Å ÈĉvÀåv)))

ˁ ćwă Ăî{É Ûvºzvgenerative

ˁĈõwù Üzwþù üĉ¾¤ÊĊz x¼«Ĉ¤õÿ¹

ˁwĄÊăÿÂ~ ÿ ¡đwêù ¹vºÞ£ üĉ¾¤ÊĊz

ˁĈýwĄ« ćwĄ£½ºé¾zv ¢zwé½ ½vÀzv

9



ĈÝĀþÎù ÇĀă ÇĀă
 ÿ ĈÝwú¤«v
ĈùĀúÝ ÇĀă

ëv½¹v

Èýv¹ ¹Āúý¿wz
ÿ ©w¤þ¤Åv
ĂõwÆù ô³ÿ ćÀĉ½ Ăùwý¾z

ć¿wÅ øĊúÎ£

ć¾Ċñ¹wĉ

 ûwz¿ Ç¿v¹¾~
ĈÞĊ{Õ

10



ˁĂõwÆù ô³ ÿ ©w¤þ¤Åv 5ô³ āv½ wùĀúÝ Ăö³¾ù ćwăïĂz(Ăö³¾ù

ˁ Èýv¹ ¹Āúý¿wz$knowledge representation #ĈÞévÿ ćwĊý¹ èĉwê³ ¹½Āù ½¹ ¡đvĀÅ Ăz ºþúÉĀă û¹v¹ ¶Åw~ ĈĉwývĀ£ ) ½¹

¹½v¹ ¹¾z½wí ĈÎĊ¸Ê£ ½vÀzv IºþúÉĀă ćwă½wĊ¤Å¹)

ˁĂùwý¾zćÀĉ½ÿøĊúÎ£ć¿wÅ5Ăùwý¾zćÀĉ½ćv¾zôĊýĂzìĉãºăIËw·øĊúÎ£ć¿wÅºþúÉĀăÃwÅv¾z¢ĊÞéĀùÿÔĉv¾É)²Ċ«¾£

û¹v¹Ĉ·¾zøĊúÎ£wăÿxwþ¤«v¿vĈ·¾z¾òĉ¹)üĊÉwùºþúÉĀăºĉwz½w§jĂýĀñ¾ăôúÝ¹Ā·v½ºývºz)ā¿Ā³ĈÑwĉ½ć½Āu£zć¿wwă)

ˁć¾Ċñ¹wĉ5ºþă¹ ¹Ā{Ąz ½wí¹Ā· ¡½ĀÍ Ăz ĂæĊÙÿ ìĉ ÷w¬ýv ½¹ v½ ¹Ā· ¹¾îöúÝ ºþývĀ¤Ċù wĄþĊÉwù)

ˁāºÉ ¡½wÚý ć¾Ċñ¹wĉ

ˁ¡½wÚý ûÿºz ć¾Ċñ¹wĉ

ˁĈ¤ĉĀê£ ć¾Ċñ¹wĉ

ˁĈõwê¤ýv ć¾Ċñ¹wĉ

ĈÝĀþÎù ÇĀă ĈöÍv ãvºăv

11



ˁĈÞĊ{Õ ûwz¿ Ç¿v¹¾~ 5 ÿ ü¤ÉĀý ûºývĀ· ĈĉwývĀ£ Ów{£½vĈýwÆýv ćwĄýwz¿ èĉ¾Õ ¿v

ˁüĊÉwù ëv½¹v 5 ĈĉwývĀ£ ā¹wæ¤Åv ć¹ÿ½ÿ ćwă¾òÆ³ ¿v$üĊz½ÿ¹I ûĀåÿ¾îĊù #)))ĈýĀùv¾Ċ~ ćwĊý¹ ë½¹ ½¹)

ˁ½w¤æñ ÌĊ¸Ê£

ˁā¾Ą¯ ÌĊ¸Ê£

ˁwĊÉv ÌĊ¸Ê£

ˁĈÝwú¤«v ÇĀă 5 ĈĉwývĀ£ Ç¿v¹¾~ I¾ĊÆæ£ IÌĊ¸Ê£ ÿĂĊ{É ć¿wÅ ¡wÅwÆ³vĈýwÆýv

ˁ ÇĀăÜùw« 5 ô³ ½¹ Üùw« ĈĉwývĀ£ĂývºþúÉĀăĈýwÆýv ÇĀă ĂzwÊù ôĉwÆù ¿v ĈÞĊÅÿ äĊÕ

12



 Ăă¹ ½¹,44+ āwòÊýv¹ ½¹MIT
ĂĊ{É ÿ ĈĉwÅwþÉ ćv¾z Ĉ£wz½ äÕvĀÝ ć¿wÅ

ĈýwÆýv

Kismet

13



Çÿ½wă
ˁć¿wÅ ĂþĊĄz ÿ Ā¬¤Æ«

ˁèÖþù
ˁ ćv ā½vÀñ èÖþù
ˁć¿wå èÖþù

ˁć½wùj ćwĄÉÿ½
ˁćÀĊz ©w¤þÅv
ˁãĀí½wù ćwă óºù
ˁwă ć¿wz ć½Āu£
ˁ¡wÝĒÕv ć½Āu£

ˁć¾Ċñ¹wĉ ć½wùj ćwĄÉÿ½ ÿ wăºþz Ăê{Õ
ˁĀòõv ĈĉwÅwþÉ
ˁć¾Ċñ øĊúÎ£ ¢·½¹

ˁ ôý¾í ¾z Ĉþ¤{ù ćwă Çÿ½

ὖὌὉ
ὖὉὌὖὌ

ὖὉ

14



ˁĈÝĀþÎù Ĉ{ÎÝ ćwă Ăî{É
ˁÀâù ¿v ćv ā¹wÅ óºù
ˁā¹wÅ ôĉwÆù Ăz ¹ÿº´ù

ˁĂî{ÉèĊúÝ ćwă
ˁ¾¤ÊĊz ÿ ûwĄþ~ Ăĉđ ĂÅ
ˁāºĊ°Ċ~ ôĉwÆù ô³

15



 ĈþÉĀõĀýwí Ăî{ÉCNN

16



ˁGPT

ˁGenerative pre-trained transformers

ˁ ºĊõĀ£ ÿ ûwÆýv wz Ăúõwîù ĈĉwývĀ£vĀ¤´ù ÿ ü¤ù

ˁĈÎÎ¸£ ćwă½vÀåv ÷¾ý ÿ ½vÀåv ¢¸Å
ˁ ĈÝĀþÎù ÇĀă Ì¤¸ù ĈîĊåv¾ñ Ç¿v¹¾~ ćwăº³vÿ$GPU#
ˁ¾ĊÚý ĈÆĉĀý Ăùwý¾z ćwĄýwz¿Python, Lisp, Prolog, 

17



ĈÝĀþÎù ÇĀă ćwă¹¾z½wí

ˁ¢ý¾¤þĉv ā¿Ā³

ˁ¾ñĀ¬¤Æ« ćwă½Ā£Āù

ˁüĉĒýj Ăú«¾£

ˁvĀ¤´ù ¹wĄþÊĊ~ ÿ ëv¾¤Év ćwă ĂýwùwÅ

ˁüĉĒýj ¡wâĊö{£

ˁºþúÉĀă ćwă½wĊ¤Å¹

18



ĈÝĀþÎù ÇĀă ćwă¹¾z½wí
ˁć¿wz ā¿Ā³

ˁ üĉ¾£ Ă¤å¾ÊĊ~ û¹Āù¿jAIć¿wz ā¿Ā³ ½¹
ˁDEEP BLUE

ˁAlphaGo

ˁPluribus

19



ˁºõĀù ĈÝĀþÎù ÇĀă
ˁGenerative adversarial network

ˁIan Goodfellow2014

ˁwăvºÍ I¾ĉÿwÎ£ Iü¤ù ÃwÅv ¾z Ç¿Āùj
ˁºĉº« ćvĀ¤´ù ºĊõĀ£
ˁì{Å ºĊõĀ£ ÿ ÌĊ¸Ê£

20

ĈÝĀþÎù ÇĀă ćwă¹¾z½wí



ĈÝĀþÎù ÇĀă ÛvĀýv

AI

Weak AI Strong AI

21



ć½ÿwþå ĈòþĊî£ ĂÖêý

Ray Kurzweil

Year 

2045!

ĈÝĀþÎù ÇĀă

ĈýwÆýv ÇĀă

in
te

lli
g

e
n

c
e

22



23



24



ôĉwÆù ÛvĀýv

ˁćºþ{ÅĒí
ˁĂ¤ÆÆñ Ĉ«ÿ¾·
ˁ ćºþz Ăê{Õ ¢Å½¹ ÌĊ¸Ê£$ĂÅĒí ºþ¯ wĉ ÿ¹#
ˁ û¹Ā{ý wĉ û¹Āz ½wúĊz$ ÛĀýsubtypeć½wúĊz ìĉ#

ˁûĀĊÅ¾ñ½
ˁĂ¤ÅĀĊ~ Ĉ«ÿ¾· üĊú¸£
ˁ¾úÝ óĀÕ
ˁûĀ· ½¹ ÿ½v¹ ¢Úöá

25

ìĉ āÿ¾ñ

ÿ¹ āÿ¾ñ

ĂÅ āÿ¾ñ



ćÁĀõĀîýj ½¹ ĈÝĀþÎù ÇĀă

26



27

¢ÅĀ~ ûwÕ¾Å ½¹ ĈÝĀþÎù ÇĀă



¾Ċñ¹wĉ ćwă Ăî{É ¿v ā¹wæ¤Åv wz ¢ÅĀ~ ûwÕ¾Å ćºþz Ăê{Õ ć
èĊúÝ

ˁ ĈýwÆýv ÜùvĀ« ½¹ üĉ¾£ ÜĉwÉ I¢ÅĀ~ ûwÕ¾Å$¡wĊ³ óĀÕ ½¹ wîĉ¾ùv ½¹ ¾æý ªþ~ ¾ă ¿v ¾æý ìĉ#
ˁÌĊ¸Ê£ 5ćÁĀõĀ£w~Ā¤ÆĊă ÿ ĈÆ~ĀĊz IĈ~ĀîÅĀù½¹ IĈþĊõwz ĈÅ½¾z
ˁºþîĊù ½vĀÉ¹ v½ ½wí¹Ā· ÿ ĈþĊÉwù ÌĊ¸Ê£ Ĉ¤ÅĀ~ ¡wÞĉwÑ ¾ăwÙ ¢ĄzwÊù

ˁ Ăî{ÉCNN  ĈúĊ·ºz ÌĊ¸Ê£ ćv¾z$Googleôs Inception v3 CNN#
ˁ ¹vºÞ£,-4/0+¾ĉĀÎ£

ˁ óÿv ĂõwÆù 5 û¹¾í vº« IûwÕ¾Å üĉ¾£ ªĉv½ ĈĉwÅwþÉkeratinocyte carcinomas ¿vbenign seborrheic 

keratosis

ˁ ÷ÿ¹ ĂõwÆù 5 û¹¾í vº«  IûwÕ¾Å üĉ¾£½w{ñ¾ù ĈĉwÅwþÉmalignant melanomas   ¿vbenign nevi

ˁĂ¬Ċ¤ý 5ºÅ¾Ċù ¾¤Ąz wĉ ćÁĀõĀ£wù½¹ ÌÎ¸¤ù º³ ½¹ Ĉ¤é¹ Ăz Ĉ{ÎÝ Ăî{É

ˁÌÎ¸¤ù ½ĀÒ³ ûÿºz ā¹wæ¤Åv ôzwé ºùj½wí ĈÎĊ¸Ê£½vÀzv

28Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., & Thrun, S. (2017). Dermatologist-level classification of skin cancer with deep neural networks.

nature, 542(7639), 115-118.



48 layers,129,450 clinical images, 2,032 
different diseases 

29



30

ªĉw¤ý

65-70 33-97 71 - 40

Larger datasets
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wă ĈñÂĉÿ ćwÒå



32

ªĉw¤ý



üĊz½ÿ¹ ÿ üÊĊîĊö~v ¿v ā¹wæ¤Åv wz ¢ÅĀ~ ûwÕ¾Å ÌĊ¸Ê£
ôĉwzĀù

ˁ óºù ĂÞÅĀ£CNN ÷wý wzDenseNet169

ˁĈ¤ÅĀ~ ĂÞĉwÑ ÛĀý ¢æă ćºþz Ăê{Õ

ˁ ¢Åw¤ĉ¹ ÃwÅv ¾z āºĉ¹ Ç¿ĀùjHAM10000

ˁ ªĉw¤ýACC = 92%, sensitivity = 93%

ˁ ºÉ Ĉ³v¾Õ ºĉÿ½ºýv ćv¾z ¾£ ì{Å óºù$ĂÅĒí ÿ¹ 5øĊ·ºz IøĊ¸ÉĀ·#

33
Kousis, I., Perikos, I., Hatzilygeroudis, I., & Virvou, M. (2022). Deep learning methods for accurate skin cancer recognition and mobile application.Electronics, 11(9), 1294.



ÃĒí ¢æă

34

Melanoma (MEL), Basal Cell Carcinoma (BCC), Actinic Keratosis and Intraepithelial Carcinoma (AKIEC),

Melanocytic nevus (NV), Benign Keratosis Lesions (BKL), Dermatofibroma (DF),Vascular lesion (VASC), 



¢å¾ñ ½v¾é ā¹wæ¤Åv ¹½Āù Ăî{É ā¹¿wĉ

35
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ªĉw¤ý

37



ĂÅĒíÿ¹ óºù ªĉw¤ý

38



39

Å Äĉºýv ÃwÅv ¾z ü¤å¾ñ ½v¾é xw¤åj Ï¾Þù ½¹ ¿w¬ù ûwù¿ ¡ºùUVô´ù

Å¾z½wí ¢ÅĀ~ ÛĀý ćv¾z xw¤åj ºÑ yÅwþù ûvÀĊù ÀĉĀ¬£

ÅĉwzĀù üĊz½ÿ¹ ÄîÝ ÃwÅv ¾z øĊ·ºz ¿v øĊ· ÇĀ· ĂÞĉwÑ ÌĊ¸Ê£ô



40

ûw¤Æ~ ûwÕ¾Å ½¹ ĈÝĀþÎù ÇĀă



ûw¤Æ~ ûwÕ¾Å
ˁûwÕ¾Å ÛvĀýv üĉ¾£ ÜĉwÉ ¿v Ĉîĉ

ˁĂĉ½ ûwÕ¾Å ¿v ºÞz ¾Ċù ÿ ï¾ù µ¾ý üĉ¾£đwz

ˁā¹¾í vºĊ~ Èăwí ¾Ċ·v Ăă¹ ÿ¹ ĈÕ ûw¤Æ~ ûwÕ¾Å ¾Ċù ÿ ï¾ù µ¾ý 5üĉĀý ćwă ûwù½¹ ÿ ć¾òõwz¾á

ˁ¹¾îĉÿ½ üĉ¾¤Ąz Jć¾òõwz¾á

41

ˁ÷v¾ñĀùwù ÃwÅv ¾z ûw¤Æ~ ûwÕ¾Å ć¾òõwz¾á Çÿ½ üĉ¾£ ªĉv½

ˁ¢ĉ¹ÿº´ù 5 ¹wĉ¿ x»wí Ĉæþù ÿ x»wí y¨ù$high false positive and false negative

rates#

ˁ Èăwí wz ĈÝĀþÎù ÇĀă14 ¿v ¢ĊÅwÆ³ ÈĉvÀåv ÿ x»wí ¢{¨ù ¹½vĀù ½¹ ćºÍ½¹3/ w£4,ºþí Ĉù ìúí ÌĊ¸Ê£ Ăz ºÍ½¹)



ˁ w~ÿ½v ½¹ ªĉv½ Çÿ½double reader ¢ÆĉÁĀõĀĉ¹v½ ÿ¹ ÔÅĀ£ Ĉzwĉ¿½v I$wÖ· Èăwí ćv¾z#

ˁ÷ÿ¹ ¢ÆĉÁĀõĀĉ¹v½ ćw« Ăz ĈÝĀþÎù ÇĀă ¿v ā¹wæ¤Åv

ˁ w£ ½wí ø¬³33¹¾í vºĊ~ Èăwí ºÍ½¹

ˁ ¹Ā{Ązspecificity ÿsensitivity

ˁ Èăwí0)2 ćºÍ½¹false positive

ˁ Èăwí9.4 ćºÍ½¹false negative

ˁ w£ ĈÆ ĉĀz wz ć½wúĊz ¹Ā«ÿ ºĊĉw£.4ć¾òõwz¾á ¿v ºÞz āwù

42

McKinney, S. M., Sieniek, M., Godbole, V., Godwin, J., Antropova, N., Ashrafian, H., ... & Shetty, S. (2020). International evaluation of an AI system for breast cancer screening.Nature, 577(7788), 89-94.



 wêz µ¾ý ĈþĊz ÈĊ~ûw¤Æ~ ûwÕ¾Å

ˁ ¾z wêz µ¾ý ĈþĊ{ÊĊ~ ¢ĊÞÑÿ I½ĀùĀ£ ā¿vºýv IüÅ ºþýwù ĈöùvĀÝ ÃwÅv ¾ĉ¿ ćwă āºáĊù ¹vºÞ£ IĈÅwþÉ ¢åwz ÛĀý Iôâz Ić¿Ā¤
 Ă¤Æă øÆĊå½ĀùĀuö~ćv

ˁ ćwă ā¹v¹ ¿v ā¹wæ¤Åvmulti -modal

ˁbi-phase: Deep learning + random forest

ˁ ¹Ā{Ąz0 ćºÍ½¹sensitivity

43
Arya, N., & Saha, S. (2021). Multi-modal advanced deep learning architectures for breast cancer survival prediction. Knowledge-Based Systems, 

221, 106965.



ˁćwă ā¹v¹ ¿v ā¹wæ¤Åv wz èĊúÝ ć¾Ċñ¹wĉmulti -modal 5ĈîĊþĊöí ćwă ā¹v¹ IćÁĀõĀ£w~Ā¤ÆĊă IìĊ¤ýÁ

ˁć¿wåÿ¹ ćwă óºù

ˁSigmoid gated attention neural network

ˁRandom forest classifier

ˁ wêz µ¾ý ĈþĊ{ÊĊ~ ¹Ā{Ąz ºÍ½¹ ªþ~$ĂõwÅ ªþ~#

44
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copy number alteration 

profile

Gene expression 

profile
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Survival Analysis Learning with Multi-
Omics Neural Networks (SALMON)

ˁ ć¹ÿ½ÿ ćw¤ĉ¹ āºĊ°Ċ~ ćwÒå ôĊö´£ ćv¾z āºĊ°Ċ~ ćwĄú¤ĉ½Āòõv Ăz ¿wĊý
ˁ ĈÅ½¾zpredictorĈõwú¤³v ćwă

ˁĊúÝ ć¾Ċñ¹wĉèwêz ÀĊõwýj ćv¾z yÅwþù ć½vÀzv

Dˁeep Learning-based networks to determine how gene expression data 

predicts Cox regression survival in breast cancer.

ˁ ćwă ĈñÂĉÿ ć¹wĄþÊĊ~ Çÿ½gene exp Ăz w£ ºþîĊù ć¿wÅ ā¹wÅ ÿ yĊí¾£ v½ ûwÕ¾Å ćwă¾í½wùĀĉwz ÿ
prognosisºÅ¾z)

ˁ øĄù Èêýomics dataĈýÁ ûwĊz ¡wÝĒÕv wĄþ£ wz ĂÆĉwêù ½¹ óºù ¹Ā{Ąz ½¹

47

Huang Z, Zhan X, Xiang S, Johnson TS, Helm B, Yu CY, Zhang J, SalamaP, RizkallaM, Han Z and Huang K (2019) SALMON: Survival Analysis 

Learning With Multi-Omics Neural Networks on Breast Cancer. Front. Genet. 10:166.



OMICS data

"Omics"ĂzĂ¤É½ćv¿v¡wÞõwÖù½¹÷ĀöÝĈ¤Æĉ¿ā½wÉv¹½v¹ĂíôùwÉĂĉÀ¬£ÿôĊö´£ùw«Ü
óĀîõĀùćwăĈîĉÁĀõĀĊz¢ÅvĂíĂzI½w¤·wÅ¹¾îöúÝÿĈĉwĉĀ~¡v¹Ā«Āùāºý¿ìúíĈùíºþ)
±ĒÖÍvñomicsòMđĀúÞùĂzûvĀþÝºýĀÆ~ćv¾zäĊÍĀ£Ă·wÉćwăäö¤¸ù¢Æĉ¿ĈÅwþÉ
ā¹wæ¤ÅvĈù¹ĀÉĂí¾zÛvĀývĈÍw·¿vóĀîõĀùwăÀí¾ú£ĈùºþþíÿĂzûwêê´ùüĉvûwîùv½vĈù
ºă¹ĂíĂzćw«Àí¾ú£¾zćvÀ«vI¹¾æþùĈÊþĊz½¹¹½Āùø¤ÆĊÅćwăĈîĉÁĀõĀĊzĂzvĀþÝûìĉôí
Ăz¢Å¹ºý½ÿj)

48



 èĊê´£ ćºĊöí ćwă ĂþĊù¿ ¿v Ĉ·¾z w¬þĉv ½¹omics  ā¹½ÿj¢Åv āºÉ5

Genomics 5 wă ûÁ ôùwí ĂÝĀú¬ù ĂÞõwÖù ôùwÉ üĉv$÷ĀýÁ #¢Åv āºý¿ ¹Ā«Āù ìĉ ½¹ ) ÿ ¹¾îöúÝ I½w¤·wÅ ë½¹ ÄîĊùĀýÁ ãºă
¢Åv ûÁ ¡ĒùwÞ£ ) ôĊö´£ ÿ ĂĉÀ¬£ ÿ ĈõvĀ£ üĊĊÞ£ ôùwÉ yöávDNA ¢Åv)

Transcriptomics  5 üĉv óĀîõĀù ĂÞõwÖù ¾z ā¿Ā³ćwăRNA  ºĊõĀ£ ćwă ¢ÉĀýÿ½ ÷wú£ ¿v Ăí I¢ÉĀýÿ½ āÂĉÿ Ăz I÷ĀýÁ ¿v āºÉ
RNA  ûwÅ½ ÷wĊ~mRNA  ôĊîÊ£¹½v¹ Àí¾ú£ I¢Åv āºÉ )ÄîĊùĀ¤ ĉ¾îÆý¾£ Ăz ÿ ûÁ ûwĊz ćwăĀòõv ë½¹ ìúíí Ĉùºþ)

Proteomics  5 ĂÞõwÖù wă üĊu£ÿ¾~ ĂÝĀú¬ù ôí Üùw«$÷Āu£ÿ¾~ # āºý¿ ¹Ā«Āù ìĉ ½¹ āºÉ ºĊõĀ£¢Åv )îöúÝ ÄîĊùĀu£ÿ¾~wă¹¾ I
ºă¹ Ĉù Ătv½v ĈõĀöÅ ćwăºþĉj¾å ¹½Āù ½¹ v½ Ĉĉwă ÈþĊz ÿ ºþí Ĉù ĈÅ½¾z v½ üĊu£ÿ¾~ ¡v¾ĊĊâ£ ÿ ¡ĒùwÞ£ Iwă½w¤·wÅ)

Metabolomics  5 wă ¢ĊõĀzw¤ù ôùwí ĂÝĀú¬ù Ă¤É½ üĉv$÷ĀõĀzw¤ù #ĉ øÆĊýwñ½v ìĉ ºþýwù IĈîĉÁĀõĀĊz ĂýĀúý ìĉ ½¹ v½ ¢åwz w
ºþí Ĉù ĈÅ½¾z )ºþí Ĉù øăv¾å v½ ìĊõĀzw¤ù ćwă¾ĊÆù ÿ wăºþĉj¾å Ĉzwĉ¿½v ûwîùv wă ¢ĊõĀzw¤ù ôĊö´£ ÿ ĂĉÀ¬£)

Lipidomics 5 ā¿Ā³ üĉv wăºĊ Ċõ Üùw« ôĊö´£ ÿ ĂĉÀ¬£ ¾z$Ô{£¾ù ćwă óĀîõĀù ÿ x¾¯ ćwăºĊÅv #õĀĊz ø¤ÆĊÅ ìĉ ½¹ ĈîĉÁĀ
¢Åv Àí¾ú¤ù )Lipidomics Ĉùºă¹ ûwÊý Ĉă¹ ówþòĊÅ ćwă¾ĊÆù ÿ ĈõĀöÅ ćwÊá ĈĉwĉĀ~ ¹½Āù ½¹ v½ ĈúĄù ¡wÝĒÕv ºývĀ£)

Glycomics 5 wă ¡v½ºĊăĀz¾í ćÁĀõĀĊz ÿ ¹¾îöúÝ I½w¤·wÅ ĂÞõwÖù Ăz ā¿Ā³ üĉv$wă ûwîĊöñ #¸ù ćwăºþĉj¾å ½¹ wĄýj Èêý ÿ äö¤
¹¿v¹¾~ Ĉù ĈîĉÁĀõĀĊz)

Epigenomics 5 ā¿Ā³ üĉv ĈõvĀ£ ½¹ Ĉ£v¾ĊĊâ£ ôùwÉ Ăí ¢Åv ĈýÁ ¢ĊõwÞå ½¹ ¡v¾ĊĊâ£ ĂÞõwÖù ôùwÉDNA  I¹ĀÉ Ĉúý ćv ĂþĊù¿
 ûĀĊÅĒĊ¤ù Ăöú« ¿vDNA  ÿûĀ¤ÆĊă ±ĒÍv)
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 ćwă ā¹v¹Omics  Ăz ï½Àz ÃwĊêù ćwă ā¹v¹ÝĒÕv ºývĀ£ Ĉù Ăí ¹½v¹ ā½wÉv ¡wÞõwÖù üĉv ¿v āºÉ ºĊõĀ£ ¡w
ºă¹ Ătv½v ĈîĉÁĀõĀĊz ćwă ø¤ÆĊÅ ¹½Āù ½¹ ć¹wĉ¿ ) äö¤¸ù ćwă ā¹v¹ ÷wá¹vomicsI ûvĀþÝ Ăz yöáv Ăí

ͼ Ĉ¤õĀùomics"  Ă¤·wþÉ ćwăºþĉj¾å ¿v ć¾£ Üùw« ë½¹ w£ ºă¹ Ĉù ā¿w«v ûwêê´ù Ăz I¹ĀÉ Ĉù
ºý½ÿj ¢Å¹ Ăz āºý¿ ¹Ā«Āù ìĉ ½¹ ĈõĀîõĀù ÛvĀýv ôùwÞ£ āĀ´ý ÿ ĈîĉÁĀõĀĊz)

 ćwă¹¾îĉÿ½Omics ĀõĀþî£ĀĊz Ić¿½ÿwÊí IĈîÉÀ~ ºþýwù Ĉĉwă ĂþĊù¿ ½¹ ćv ā¹¾¤Æñ ćwă¹¾z½wí ÿ ćÁ
Ċ~ ¡ĒùwÞ£ ë½¹ ÿ wă ć½wúĊz ¡wêĊê´£ IĈÎ¸É ĈîÉÀ~ ½¹ ¢å¾ÊĊ~ Ăz ÿ ºý½v¹ ĈÖĊ´ù ÷ĀöÝ āºĊ°

ºþþí Ĉù ìúí ĈîĉÁĀõĀĊz)
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Cˁoncordance index = AUC >>> 0.5 =ineffective

Cˁoncordance index > 0.7 good predictive model

52

mRNA = messangerRNA 

miRNA ïmicro RNA

CNB = copy number burden

TMB = tumor mutation burden

ER = estrogen receptors

PR = progesterone receptors
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ï½Àz ā¹ÿ½ ûwÕ¾Å ½¹ ĈÝĀþÎù ÇĀă



ów¤í½ĀõĀí ûwÕ¾Å ÿ ï½Àz ā¹ÿ½ }ĊõĀ~

ˁwîĉ¾ùv ½¹ ÜĉwÉ ¾Æþí üĊùĀÅ

ˁ,/2 ówÅ ½¹ ºĉº« ¹½Āù ½vÀă-+-+$incidence#

ˁ ûwù½¹ ÿ ÌĊ¸Ê£ Ić¾òõwz¾á ½¹ ĈÝĀþÎù ÇĀă ¹¾z½wí$CRC#

54



ˁ¹v¾åv üÅ ÿ Ĉñ¹vĀýw· ĂêzwÅ ÃwÅv ¾z ¾Ñw³ ów³ ½¹ ć¾òõwz¾á

ˁwîĉ¾ùv ûwÕ¾Å üú¬ýv 5 üĊþÅ ½¹ ¹v¾åv/0 w£20

ˁ ¹½Āù ā¹vĀýw· ½¹ Ăí ć¹v¾åv wÍĀÎ·CRCºþ¤Év¹

ˁ ¹v¾åv ćv¾z I¹Ā«ÿ üĉv wz,3 w£/0¹½v¹ ¹Ā«ÿ ¾Ö· ówú¤³v Ĉñ¹vĀýw· ĂêzwÅ ûÿºz ÿ

ˁ üĊ£ÿ½ ¡wÝđwÕ ÃwÅv ¾z ĈþĊz ÈĊ~$wă¾í½wùĀĊz Ăý ÿ#

ˁ ¿v  wă ā¹v¹$National Health Interview Survey (NHIS) #ćv ĂùwþÊÅ¾~ Çÿ½ Ăz ¼·v

ˁ w£,/Ă¤Év¹ Ăùv¹v ¾Æþí ćv¾z û¹¾í ì¯ ówÅ

hˁypertension, ulcers, a stroke, any liver comorbidity, arthritis, bronchitis, coronary heart disease, 

myocardial infarction, and/or emphysema >> binary variable (0 -1)

nˁot diabetic, pre-diabetic/borderline, and diabetic 0, 0.5, 1

Aˁge, BMI, gender, Not Hispanic/Spanish origin, smoking status,family history
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 ćv¾z ĈùĀúÝ ć¾òõwz¾áCRCüĊÉwù ć¾Ċñ¹wĉ ¿v ā¹wæ¤Åv wz

NartowtBJ, Hart GR, Muhammad W, Liang Y, Stark GF and Deng J (2020) Robust Machine Learning for Colorectal Cancer Risk Prediction and Stratification. Front. Big Data 3:6



 ćv¾z ĈùĀúÝ ć¾òõwz¾áCRCüĊÉwù ć¾Ċñ¹wĉ ¿v ā¹wæ¤Åv wz

ˁ ĈùĀúÝ ć¾òõwz¾á ćv¾z$mass screening #āºÉ ĂÆĉwêù Çÿ½ ¢æă

ˁlinear discriminant analysis,  support vector machine, naive Bayes, decision tree, random forest, logistic 

regression, and artificial neural network

ˁĈÝĀþÎù Ĉ{ÎÝ Ăî{É ćv¾z Ă¬Ċ¤ý üĉ¾¤Ąz
ˁĂĉđ ÿ¹

ˁºĊtĀúòĊÅ ć¿wÆõwÞå Üzw£

ˁĈêåÿ ĈõÿÀý ûwĉ¹v¾ñ

ˁªĉw¤ý

ˁAUC = 0.75

ˁSensitivity = 0.63

ˁSpecifcity= 0.82

56NartowtBJ, Hart GR, Muhammad W, Liang Y, Stark GF and Deng J (2020) Robust Machine Learning for Colorectal Cancer Risk Prediction and 

Stratification. Front. Big Data 3:6. doi: 10.3389/fdata.2020.00006
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 Ĉñ¹vĀýw· èzvĀÅ ¾Ċ§w£
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Å¾¤ývĀ« ĈþÅ āÿ¾ñ ½¹ ¾¤Ąz ¢é¹
Å¹Āz Ĉñ¹vĀýw· ĂêzwÅ ûÿºz ÿ ¾¤ývĀ« āÿ¾ñ ćÿ½ Àí¾ú£ øă Ăõwêù ãºă



ColonFlag 

ˁĂĉw~ ¾z ¾Æþí ów¤í½Āöí Ăz ówú¤³v ćđwz ìÆĉ½ wz ¹v¾åv ĈĉwÅwþÉ
ˁ ½wúĊz Ăĉw~ ¡wÝĒÕv

ˁ ¢Æ£ ûĀ·complete blood cell count (CBC)

ˁ ĈĉwÅwþÉ ćv¾z ðöå üõĀí ½vÀåv ÷¾ý Ĉ³v¾Õhigh risk adenomatousĈ~ĀîÅĀýĀõĀí ½¹

ˁ ¹½Āù ĂÞùw« ¹v¾åv IĂÞõwÖù üĊz ¢ùĒÝ ûÿºz0+ w£20 ¢´£ IĂõwÅºþ¤å¾ñ ½v¾é ć¾òõwz¾á Ĉ~ĀîÅĀýĀõĀí ) ìĉ ôévº³ ¹v¾åv ĂúăĂ¬Ċ¤ýCBC  ½¹
 Ĉ~ĀîÅĀýĀõĀí ¿v ô{é ówÅºþ¤Év¹)

ˁ ćwă¾¤ùv½w~ IÄþ« IüÅ ÃwÅv ¾z óĀ{öñ Iwă ¢íĒ~ ÿ ĈzwĄ¤õv ćwă óĀöÅ IÀù¾é  ø¤ĉ½ĀòõvColonFlag ć¿wĊ¤ùv ¿v+ w£,++ºþîĊù ºĊõĀ£

ˁAt specifivity=0.95, odds ratio (OR) = 2

ˁøĊ·ºz wă }ĊõĀ~ ćv¾z đwz ìÆĉ½ wz ¹v¾åv ĈĉwÅwþÉ ćv¾z ºþîĊù ā¹wæ¤Åv üĊ£ÿ½ ā¹wÅ ûĀ· Èĉwù¿j ¿v
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HilsdenRJ, HeitmanSJ, Mizrahi B, NarodSA, Goshen R (2018) Prediction of findings at screening colonoscopy using a machine learning algorithm 

based on complete blood counts (ColonFlag). PLoSONE 13(11): e0207848. 



ˁā¹wÅ ûĀ· Èĉwù¿j ÿ ¢ĊÆþ« IüÅ ¿v ā¹wæ¤Åv wz ¾Æþí ĈþĊ{ÊĊ~

ˁ ć½wùj ĂÞùw« ÿ¹.,-0 ÿ0+1,ó¾¤þí āÿ¾ñ ÿ Ē¤{ù1++++ ÿ-0+++ć¾æý

ˁÌĊ¸Ê£ ¿v ô{é āwù ÈÉ w£ ĂÅ ûĀ· Èĉwù¿j

ˁ ÃwÅv ¾z üĊÉwù ć¾òĉ¹wĉ ćºþz Ăê{Õ óºùensembles of decision trees 

ˁªĉw¤ý5

ˁAUC = 0.82, 

ˁfalse-positive rate = 0.5%, Odds Ratio (OR) = 40
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ûwÕ¾Å ćv¾z ĀòÊĊ~ óºùcolorectal

Kinar, Y., Kalkstein, N., Akiva, P., Levin, B., Half, E. E., Goldshtein, I., ... & Shalev, V. (2016). Development and validation of a predictive model for 

detection of colorectal cancer in primary care by analysis of complete blood counts: a binational retrospective study.Journal of the American Medical 

Informatics Association, 23(5), 879-890.
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Ĉ«ÿ¾· ªĉw¤ý ½¹ ø¤ĉ½Āòõv ć¹ÿ½ÿ ćwă¾¤ùv½w~ ¾§v



 ÃwÅv ¾z ćºþz Ăê{ÕCT colonography 

ˁćwă }ĊõĀ~ ćºþz Ăê{Õ ÿ øĊ· ÇĀ· ów¤í½ĀõĀípremalignant (adenoma)

ˁ ÃwÅv ¾z-- ¾ĉÿwÎ£ ¿v äö¤¸ù ćwĄĊñÂĉÿ ¾¤öĊåCT colonoscopyºÉ ©v¾¸¤Åv

ˁ,4+1 IºÉ ©v¾¸¤Åv ĈñÂĉÿ,43 óºù ¢·wÅ ćv¾z$ đwz Ĉò¤Æ{úă yĉ¾Ñ wz ćwă ĈñÂĉÿ+)3ºýºÉ ã¼³#

ˁ ÃwÅv ¾z ćºþz Ăê{Õrandom forest

ˁ ûwñ¹v¹ ÃwÅv ¾z Ç¿Āùj1.½wúĊz

ˁ ûwñ¹v¹ ÃwÅv ¾z ¢Æ£04½wúĊz

ˁćÁĀõĀ£w~Ā¤ÆĊă ÃwÅv ¾z Ĉă¹ ô{Ċõ

ˁªĉw¤ý
ˁAUC = 0.91

ˁSensitivity = 0.82

ˁSpecificity = 0.85

ˁ Ĉ«v¾¸¤Åv ĈñÂĉÿ üĉ¾£¾§Āùfirst -order gray level histogram
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Grosu, S., Wesp, P., Graser, A., Maurus, S., Schulz, C., Knösel, T., ... & Kazmierczak, P. M. (2021). Machine learningïbased differentiation of 

benign and premalignant colorectal polyps detected with CT colonographyin an asymptomatic screening population: a proof-of-concept 

study.Radiology, 299(2), 326-335.
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ºþĉv¾å ĂÍĒ·
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Deep Learning for Fully-Automated
Localization and Segmentation of Rectal Tumors

ˁ ¾ĉÿwÎ£ ìĊ£wùĀ£v û¹¾í ¢þúòÅ ÿ ĈzwĊýwîùMRI ï½Àz ā¹ÿ½ ćwă½ĀùĀ£ ¿v

ˁ ¾ĉÿwÎ£ Ĉú¬³ ÀĊõwýjMRI

ˁ ćwă ā¹v¹,/+½wúĊz

ˁ Ăz ½ĀùĀ£ ¾ă ¾ĉĀÎ£ ÌÎ¸¤ù ÿ¹ ĂöĊÅÿºÉ ¢þúòÅ

ˁãºă 5 ¾ă ćºþ{ÅĒíVoxel½ĀùĀ£¾Ċá ÿ ½ĀùĀ£ Ăz

ˁÇÿ½ 5 Ăî{Éconvolutional neural network (CNN)

ˁªĉw¤ý
ˁAUC = 0.99 (SD=0.05)

ˁ ¾£đwz ½wĊÆz ¢Ý¾Å ÿ ¢é¹
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Trebeschi, S., van Griethuysen, J. J., Lambregts, D. M., Lahaye, M. J., Parmar, C., Bakers, F. C., ... & Aerts, H. J. (2017). Deep learning for 

fully-automated localization and segmentation of rectal cancer on multiparametricMR. Scientific reports, 7(1), 5301.
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Å Example of MultiparametricMR in a rectal cancer patient 

Å By repeating the procedure for each voxel of each image, we could generate a probability map,

where p(v) is the probability of voxel v to represent tumourtissue. 



ô³v¾ù

ˁPatch extraction 5 Ĉå¹wÎ£ ¡½ĀÍ Ăz Ióºù Ç¿Āùj ½¹
 Ă¤Év¹¾z ½ĀùĀ£ ÿ øõwÅ ĂĊ³wý ¿v ôÆívÿ ćÿwÆù ¹vºÞ£

¹ĀÊĊù )øõwÅ ćwă ĂýĀúý û¹Āz ó¹wÞ¤ù ćv¾z yöÖù üĉv ÿ
¢Åv Ç¿Āùj Ăö³¾ù ćv¾z øõwÅ¾Ċá )ÄîÝ äö¤¸ù Ĉ³vĀý

ºý½v¹ ćºþz Ăê{Õ ćv¾z Ĉ£ÿwæ¤ù Ĉ¤¸Å)

ˁĂî{É 5Ç¿Āùj ćºþz Ăê{Õ ćv¾z Ăĉđ Ăý Ăî{É ìĉºĉ¹)
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