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Pathology has a long history of artificial intelligence (Al) as much as any other field
of medicine, and has used Al algorithms continuously. However, in Korea, pathology
Al is unfamiliar even to the pathologists. In this article, | will summarize the terms
and definitions, the basic elements of pathology Al, and the future direction. Digital
pathology is a system or environment that digitizes glass slides into binary files,
observes them through a monitor or any digital devices, interprets it, analyzes it,
and maintains it. Computational pathology is a comprehensive concept of diagnosis
support or research system that deals with image, text and omics data. Virtual
microscopy is a method or technology that allows pathologists to view and share glass
slides images from whole slide scanners. Image analysis is a technique or method
that processes various digital images and quantifies features. The basic elements
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of pathology Al are as follows: environmental factors called digital pathology and

technical elements such as Al, machine learning, and deep learning. Digital pathology
workflow consists of three elements; acquisition or collection of data, data processing
and data storage. The basic process of image analysis consists of preprocessing of
image, identification of region of interest, and feature extraction. There is enormous
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potential for improvement of patient care through digital pathology and/or Al,
and a harmonized discussion about activation of Korean digital pathology among
government, academia and industry will be mandatory for future medicine and

healthcare in Korea.
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Computational Pathology
Molecular Pathology
(Omics data)

Digital Pathology

Clinical records
(EMR)

Virtual Microscopy ‘
Image Analysis '

Fig. 1. Schematic illustration of new fields of pathology

2. 42| 2BKISe 24

g2 ZoollA AdsA TS =Y Ee A
7HA] 71 8450l Basit A= BEA 8ARH o
S A ofoll A Au i uiel o] yAE R elhe e 4 ﬁ’“ﬂ
dashil, sAe 7led 842N FFEes/Aeke] <
s, 71, 926 59 7le4 847 dasit,

8517] gl

1) gxgse

AEA e 7|2 082 HFEHE o83t 7])\"]*} s}
wofol7] wiFol| HFE 7} wolEd 4= %= AE(H|olEH)
ol Eofof st=t, ME2H W= oliﬂia‘ﬂ 23
g A olU NEZE fejEeto| ol gojA] Fakdn| o
2 hfiafA] sk obd R WAl o R FT} o]Fo
7] well o= TA| o A=A qx]g oJuj X & Hlo] HQ
sioh, g9 ojw x| 29 Mok ATt J9& AT 1
§o] Fah ZANA ANS A —{_P F2% (snapshot) W
Al FEjstolE 8 4F = ARE HAE3eh=
AA &) =44} (whole slide imaging: WSI) HH4]o]
UL, FXE 7E|A E3] 7HAv| Aol ale RET, o
A= Aol & 4= ol A e o2 A9 H
Hol Asict, dxgHe] 24 91 T8 84+ 37HA7
a=tl, AR, =3, A, 2, AA, Aol

ﬂHU

(1) /\;q
grigy el o] giafe] £ oluAd A9 == 7t
gzt o] 88 Zolal, tiife] AA|&ete|=o|u XY -

/\xloﬂl— A;H];]g o] }r,]_ Z—];(]_oﬂ_‘:_ o —/:a]-o]E Z%E

o] 53] dRuro] =R E7] wfFo] AAE oJujo] =3

WSIZ Hi= Zlo] efgslal, B =Fofai= WSIof| tjs)A

A E7|&2 stk A YAE shdElr 19759 LEARe]

http://www.e-hmrorg 79



Aol E Steve Sassaonol 2J3) gAYt 2W H
ARFRlS o= g tRE 7 etrt ke

A 27 o] BAe TRRE 20d Fel 1990
12k Ao= FAEC10]. AA gAE &
7HL1°ﬂ gt ofolt]o] =9= HXxd 7hdete] Zd} A
O] B3t Al7]oll AIZME QIO tiES iAo R g 7|
ohel g AvfH o) Az 9 SA7EA] 209 AR7E 9%
o= A2 714 o8, HE AEY S84 kst
ol & 5 Ao A Al digk 3A1A 71ES 3
7F ojg &, XY AR} =7 ARTF Aolstr] wiiE
olt}, u]=9] Meyer InstrumentsAl= 1995¢ A 27|y
¢l PathScan EnablerE 1995\ £A|3t Ao & W3} uf
@13 (unpublished data), 9A] B]=2] Bacus Laboratory
AR= 1997d WSI HHAl 9] A7 S ZA13E Aoz delA]
AtH11], Dunns2 954 25 WA /g =43t
[12]. ©]3-, 1999¢ Aperio Technologies, 2001 &7}
3D HistechAtoll Al ZH2} A HE SAIFCEH dFoA= 7}
Adn|golets oo 2% g F=t olo] tHgk A7
L 19974 wHEHEg sty A EY AL
%oﬂ og wxd b QoH13]. T8y FAY A ES
S} Ao g vt Ao Hgoe ogzol
‘il‘i‘iJ— EAZA B2 2000d ol o]28 A 7}5351A
=Hook gxE #e E9] = 1990dd] 43704 2000
| 160712 400% 7t7ke] S7HE|RlaL, o|m]#] #4 &
3= 1990t 157004 2000t 39A°S & °F 260% =
7FeE o] o]& ST AREotH11], F=elA=
= AeE oy 2 e agso] F4lol Hol HEy
2]ek3] 4bste] OB H R AGLSE AAstar HAE AHY
of gk TAlS 7HAAL g ou AAR]] EAIE =0l
A gkoteh, ey, =Y AlE vlE A5 o] EokollA
A e Az A Ae et i et A
20084 s3] ARl HeE| A3 E 71E9] fel&eto| =
5 Ao fAE A HE o83t  WAlem A A
ek Zlo] fadwe] 9 A7y 89| Alzto|ch, AR
YA AN E A= 34z 20008 FHte] ofa] A
A A AA =4 7H7F ek 14]. oFA7RR = &7
Folo] sehgo] ddkelA] k7] el ?F 7]l A7HY
Y A AES Ashs Aol W) el 70 7]
Aol A5 7]alofF gttt A0y A" Al 1 J
o] ZFA7F e, 97449 4, 23 5, &0 &=, A
3 A= E A 1 Qavolty, 7pA o] wjwA a7}
7] ool oflak W ejollA 7]l 24¢ Ao Fadh A
< 7ML Sl AU E A9shs Aol dhe|Foln,
Q1 ol & ujAIRITHH gAel A2 sl
o i,

Ark= Aol A27HE9] B7tol

e

>~mﬂlr
2 o [>

flo o

oo o
o 2
o
(et
A
)
).
N
=2

80  http://www.e-hmr.org

Table 1. Summary of whole slide scanner characteristics

Parameters Types or characteristics

Bright field (11/11)
Fluorescent (3/11)

4- 400
400 (2/11)
320 (1/11)
300 (2/11)
250 (2/11)
200 (1/11)
120 (1/11)
100 (1/11)

20X: 30 - 90 sec
26X: 36 sec

40X: 35 - 270 sec
60X: 200 sec

33 slides/hour

2X - 63X

20X:0.244 - 0.50
40X:0.1375-0.25

JPG (4/10)
JPG2000 (4/10)
TIEF (4/10)
BigTIFF (2/10)
MRXS (2/10)
DICOM (1/10)
VSI (1/10)

RTS (1/10)

Z-stack (6/6)
Extended focus (4/6)

1D (10/10)
2D (9/10)

Automated scanning (4/10)

Continuous loading (3/10)

LCD touch screen (3/10)

Intelligent rescan and quality scoring (1/10)
Workflow acceleration (1/10)
Autofluorescence reduction (1/10)

Multiple remote live slide review (1/10)

Imaging mode

Slide capacity (slides)

Scan speed

Capture magnification

Capture resolution

Digital format

Multilayer focus
Barcode

Special features
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