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Construction of a Standard
Dataset for Liver Tumors
for Testing the Performance
and Safety of Artificial
Intelligence-Based Clinical
Decision Support Systems
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Purpose To construct a standard dataset of contrast-enhanced CT images of liver tumors to
test the performance and safety of artificial intelligence (Al)-based algorithms for clinical deci-
sion support systems (CDSSs).

Materials and Methods A consensus group of medical experts in gastrointestinal radiology
from four national tertiary institutions discussed the conditions to be included in a standard
dataset. Seventy-five cases of hepatocellular carcinoma, 75 cases of metastasis, and 30-50 cas-
es of benign lesions were retrieved from each institution, and the final dataset consisted of 300
cases of hepatocellular carcinoma, 300 cases of metastasis, and 183 cases of benign lesions.
Only pathologically confirmed cases of hepatocellular carcinomas and metastases were en-
rolled. The medical experts retrieved the medical records of the patients and manually labeled
the CT images. The CT images were saved as Digital Imaging and Communications in Medicine
(DICOM) files.

Results The medical experts in gastrointestinal radiology constructed the standard dataset of
contrast-enhanced CT images for 783 cases of liver tumors. The performance and safety of the
Al algorithm can be evaluated by calculating the sensitivity and specificity for detecting and
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characterizing the lesions.
Conclusion The constructed standard dataset can be utilized for evaluating the machine-learning-
based Al algorithm for CDSS.

Index terms Liver Neoplasms; Aritificial Intelligence; Machine Learning; Deep Learning;
Datasets as Topic

+£2018W 2] 2159 Dol A 202610l 26499] P2 4F5E 2 0 & o SE| 1 QlTh(2).
Tu AAIZ QJIFAF AL EQ oS EE5to] YA Ts
E 7ol Hlw A Je] AR k= AXEQolE2 tif-E BHHol
Ao HhAste] HAIS] = HEoll 1A=, 49 HFE B2 HE(computer-aided detec-
tion) 2ol MEE] 1, WA WHe] X gl 255 A9k, o Lo} o S o S7H4] 7hs
| AlARI O & SRIE A|lF-2 AA7HA] EA6HA] =THD).
LI EQOE ZN5h= ol oM 7MY 2 -5 d F2 tlolH
£ gHshs dolk(3). “Garbage in, garbage out” o2 EHO 2 HARE = ZAY, W2 A9
tlolEE 7|Hte = 7 daie|52 BEA o YU 52 B Suto] itk o8] 79 &
7 ellolEAlEo] defA Qar AR date]F 7ol 857 %= FA|TH X2 o] Hlo]EAlEe] 2t
H (labeling)o] #=5tL, FAeslth= 227k A7 = 1Th4). 2 ZiEabgol| A 223}
(overfitting) S WAI5H7] sl Sh&(training) HloEiAlT} &7 75 (validation) o] E{Alo]
Zasky, 7 2l Aol o857 flsliMe A delM dold 4 e 2E AR

g 4= = 23l 9] BlAH (testing) Hlo]EAle] B4 E7HESHH(3).

Aol Folat 471 o] 27|%ke] ATAIAUN R BE Fo| R 5912 WOITHIRE
number: 4-2020-0136, H-2004-134-1117, 2020-05-022, 2020-0819).
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2t 7\me) B3 Jyois WR/kSCl 44 Bkl U /1% 9 CT 2 B YRS 3909
T, 5% F2 A A2 1FIH Eojstgir(Table 1), ko] 4, Lol CT 2
9 U, Tela 2957 2 ERE0 oie ARAGE 1512 seic 2 X
2EFo] A Suly], 2917, 197 F olmat A17]9] 5] Taslol Qi B

S5 7155t CT B/doll tigh 2Pty = B2 dolst MErHsol A4 Algstaiet. et
g2 7h] o] 757 170R1 792 270 o3l -5 thUshAl st okl & 2kt
of|A1 571 o)/e] ®iwo] Q& -2clli= 2 s7H7EAIRE 715517 2 A7 sttt ZH2ke] jriEo]
flolA Helstid e T 71% F ol O g TSt Holeh 2 A R RE ER
T, HE o) ZHY 9)2](F= £, couinaud segmentation), 271, 18] 11
ARl tisiA &= 7 71557 = SFdtt. 7 Wrio] 71 o
O & Hol& g#e] CT o|n| A& st & WbAo] Wi ehAR FA|GR0 24 e Hllgsh 1
o= Zlo| Al Sl & 4> == SIQUTk(Fig. 1). CT oW|Al= o &8 HAE /4 &

=
(Digital Imaging and Communications in Medicine, DICOM) =} & #43t & 7]3ko] u}e}

Table 1. Case Report Form for the CT Data for the Liver Tumors

|dentification number [Institution number] + [Anonymized patient number (1-200)]
M

- 2: Fearl:ale

Age

CT date Not earlier than year 2012

CT vendor

CT model

CT voltage (kVp)
0: Portal venous phase
1: Late arterial phase + portal venous phase

CT protocol 2: Late arterial phase + portal venous phase + delayed phase (liver dynamic
protocol)
Lesion number Record up to the fifth lesion, even when the patient had more lesions
0: Hepatocellular carcinoma
1: Metastasis
Ground truth 2:Cyst

3:Hemangioma
4: Other benign lesions (focal nodular hyperplasia, adenoma, abscess,
eosinophilic infiltration, arterioportal shunt, etc.)
0: Surgical resection
Method of confirmation 1: Needle biopsy
2: No interval change on follow-up images for more than two years

S — Minimum: 10
Maximum: 50
Couinaud segment
. 0: Typical
Imaging pattern .
1: Atypical

https://doi.org/10.3348/jksr.2020.0177 1199
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1003-1 HCC

@ Fig. 1. Example of the captured rep-
! :: resentative image of the lesion.

An anonymized patient number and a
~ lesion number are shown, along with
. the ground-truth for this data (1003,
‘1’ and ‘HCC in this example, respec-
tively). The red box delineates the le-
sion for more accurate identification
and localization.

HCC = hepatocellular carcinoma

‘48 A EQ)o](Aview; Coreline Soft, Seoul, Korea), &2 37 £ZEQJo]E A3l 3
(header)ol] 7| 55| o] QA AA| &=te] o] & H o) 572 AMASIAAL, EAF H &= (Aol 4
ol o] 27 Z[1-4] + QHIHE A} 1 [1-200]) 9] ol whel YA E u] Ajeje] Atz H
Zdok= WAl o= vl A S}s} Tt

i

H GEAE TP BAROR 93 PES A% AES AFsT IneBe) s
& ile] 97 ol 3 S4siel YARE Y8 D Hofi Ygalel vnE £ g

- 21 (true positive)
guliga] =

Z1¥/d (true positive) + 91573 (false negative)
Solz - 21574 (true negative)

Z1-57d (true negative) +1/d(false positive)

oae)Eol 54 WY S8k (probability) & 479l Zhow @] AlAlaks Ao, T
St x| gk(threshold)oll thslf =417} 22F E/4J 23/ (receiver operating characteristic [©]5}

ROC] curve) 248 $345t0] 4151 H 2] (area under the ROC curve; AUC) Zt& AlAFeE 4= Q)

3, 2% 7 (calibration plot)T} Hosmer-Lemeshow goodness-of-fit testS- ©]-85}0] 212
9] &4k ALt 2dlo] 2 wlolg|Alo]l drput A (fit) oA & B71 4 Tt o] 213k B A&
&2 ¥ E(prevalence)?] P x| Fong 2 A-roxfo] vloJefMlo]] A& 7Ha5Hk(s).
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Table 2. Structure of the Dataset

Target institutions Four national tertiary institutions
Total number of CT exams (patients) 783 (100%)
CT scanning protocol
Portal venous phase 213 (27%)
Late arterial and portal venous phases 127 (16%)
Late arterial, portal venous, and delayed phases 443 (57%)
CT vendor
Siemens 299 (38%)
GE 278 (36%)
Philips 137 (17%)
Others 69 (9%)
Sex (male:female) 497:286
Age (mean =+ standard deviation) 6111
Exams (patients) with malignancy 600 (77%)
Exams (patients) without malignancy 183 (23%)
Total number of hepatic lesions 1160 (100%)
Hepatocellular carcinoma 333 (28%)
Metastasis 567 (49%)
Benign lesion (cyst) 80 (7%)
Benign lesion (hemangioma) 102 (9%)
Benign lesion (others) 78 (7%)
Size of hepatic lesion (mm)* 21 (15-30)
Couinaud segment
S1 24 (2%)
S2 111 (9%)
S3 114 (10%)
s4 161 (14%)
S5 153 (13%)
S6 199 (17%)
S7 136 (12%)
S8 262 (23%)
Imaging pattern (typical:atypical) 1006:154

*Data are represented as median with the interquartile range in parentheses.
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