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Effect of different reconstruction techniques on computer-aided diagnosis of pulmonary nodules in low-
dose CT ZHU Xi,XIA Wei,ZHOU Zhong-zhu, et al. Department of Radiology, Clinical Medical Col-
lege, Yangzhou University,Jiangsu 225000, China

[Abstract] Objective: To explore the influence of different reconstruction techniques on comput-
er-aided diagnosis (CAD) of pulmonary nodules in low-dose CT. Methods: Three hundred and eighty
patients with thoracic malignant tumors who underwent low-dose chest CT were retrospectively col-
lected. The raw data were reconstructed using different techniques including filtering back projection,
quantum denoising techniques, 3D adaptive iterative dose reduction and iterative dose reduction en-
hanced technique. The mean signal-to-noise ratio (CNR) and contrast noise ratio (SNR) of each tech-
nology were measured. The sensitivity and false positive numbers of pulmonary nodules detected by
CAD system in each group were compared based on different types of nodules. Results: SNR and CNR
were successively improved in the order of filtering reverse projection,quantum noise reduction,3D a-
daptive iteration and iterative dose reduction enhanced techniques. The sensitivity would increase and
false positive rate would decrease,as the objective image quality increased. The detective sensitivity of
different types of nodules varied when using different reconstruction techniques. Conclusion: The CAD
system performed well in all different reconstruction techniques in low-dose CT regarding the detec-
tion of pulmonary nodules. However, there were some differences in the efficiency using different re-
construction techniques,so the problem of robustness still needed to be further solved.

[Key words] Tomography, X-ray computed; Artificial intelligence; Computer aided diagnosis

system; Radiation dosage; LLung neoplasms

W AR R CT ARG MR S IR i A VR E R B M AR K 3006 . TR AR R} B2 Uil 11y

AERERRAL N 4000 o Ta) B g d5 R BR BE St 4

g i 245

= {EF BT 225000 VLI035 0N R 2% I R 12 2 B 5 2 52 %
1&%@/} K993 =) B LM H 0, EEMNE
CT.MRI # 1%‘%&7I<I4’E

ﬁlﬂf’ﬁ% M3 , E-mail ; yzhyejing@163. com
BEEWB L HAEA R D EFFE¥ESAAEHIHE
(QNRC2016349)

ARG A L A0 Y 1 B S AR R R O R )2
(ZJE 0. 625~1. 25 mm) E 1% ¥ 17 % Lo WL %< . B i) 3T
1000 Wi A AS ) % CZ2 > = b il o OB o L B )
— G HEIN T SR B ARG 9 R[] Y
F A% 7 HE AR 9 57« BRI W o



1256 B 2E SR 2019 4F 11 H %8 34 55 11 ] Radiol Practice, Nov 2019, Vol 34,No. 11

I 8 S 25715 i s A BRgT RS N TR
R A B A g AR N 25T Y CT IIZ2 R 2490
1/3, Horp R 43 12 14 il 45 715 PR R /N B2 20 %0 0y

AN B2 W (computer-aided system, CAD)
ER N TR N TES RO EL S XL —,
HA RERG i o 1 B MR L SRR T A RO AR R
[ 0 4 58]y s g - S 2 e v il 45 1 A ) SOk
WA CAD X B i Hb i gg 18 & 1 52 A b B B
B T 4 5 B 1 3 ) A — BObE L BB B D A . (H
Hui N LA e T L bt ol £ W, N LR B A8
BAE. BRGZ 58— m9 A7l br 5 A RO A DR L
SR B EETE 2 CAD HETAATER 5 — REkIEL7 ],
BV Ra e A I R P 3 % . 1% 2 oF
FEESE i 45 CAD R N A HRAE L BE AR 4
FARHSE B EREFERE MR R BB K, BRI
7 CT 2By HEnB A R E e ke & T
B A A 52 A B U I 2 52 S ) 45 90 5 B 1) S [) A
WA AR S 0 G B R . A A 5
ARG CT AR 25 4 FH A [) ) ot 3 oA S T A [) o At
FAR R SXIGEE T CAD 7= 4 520w H | i 6k = 7] 5
WFSE . WA U 7 AR 48 45 795 P o0 47 0 20, 40 0] 3R
— ik CAD 71F J& Ik Jx #% 3% (filtered back projection,
FBP) ®E # . & 74" (quantum denoising, QD) , = 4
38 W 25 05 & P 2 3 (adaptive iterative dose re-
duction 3D, ATDR 3D) | & 3% 7 4 Fi# A% & 2 (intera-
tive dose reduction enhanced, IDRE) F X} Jifi 45 35 # 1
22 5 B AR PHIR i CT spoAR ) 8 & R XF CAD

0 A Wl 1 P TR 6 i 45 Y R B
MRETE
Lo — R

[l 43 B 2017 4E 11 H —2019 4 1 H TA R
FEAZARF M &R CT H Rk R S g - . HERR AR
< i B AR =10 cm I s SIS AE AL ™ 114 0T 1% a8
b D5 5 G S At R T8 1 il 8 2 5 o 7™ Al AR L Sk
i FS SRR (B T SRR B A A A . A S AR B
R ZE B E R I R .

2. CT Hi HEAERA

F14 % e Aquilion ONE 320 HE#iE CT , 49
il 00 DT B 56 % = M ME IR R ZoKOF L R
B BT B2, WK bR A . SR AT E B R R
(120 kVp) 454 H sl & 0 I8 15 H AR (20 ~150 mAs)
R AL 7] A5 2, MR 4 Rl A 2, BRAE % I R] 0. 5 s 1
PR 640, 5 mm, i 512X 512, YLEF 400 mm X
400 mm,JZ/E 1.0 mm,/Z[E#E 0. 8 mm HHfi. X R4

Hd 43 B1% JH FBP.QD. AIDR 3D.IDRE # A #4172
J& 1.0 mm, JZ A H 0. 8 mm AR 7 5 i 4 A0 12k

3. CAD &4

I 2 50N ¥ Hes2 CAD # R8I fr fd
F B9 #EAE InferRead CT Lung 4.0 &2— 3B ) Zia
FH T lp By i 45 755 4G 00 £1%) 5 1 AR ol 22 1) 4% 1) T o )
CAD #fft, R AFT#EMALE )G CAD A g #E7R FH %
o kPR B AR T R RZ T HAR .

4. WL AR Jo 0

Wit 7752 % Russi 00l 1 44 6 4R B I 7
GE Advantage Workstation 4. 6 J5 b3 T AEW E T it
B Ik Ul T2 T A B S S Dk A B ) 2 A s LI
A3 ACE AR 100 mm® (9 [EJE ROLL 2 5% 4 ROT 19
P CT fH R Hobr e 22 (SD) . RN F ARG A& F
AR 2H Y 205 M B (SNR) 55 %6 FL I 75 1 (CNRD &

CTyzam

SNR= D

SDg 2 5m

_ CTyzan 7CT$«NMM

CNR (2)

SDy 2 ¢

5. EEAT 2 b 5 o3 2 bR i

o 4 AEA 15 4E DL E B 382 W 22 96 0 05 B B2
iR A S %t IDRE 5 g B R 3L 7] 5 7 P K, B 1K B
G — A A28 WS 58— B e iR i — B
VHEZS RAE N Z W2 W W is . 2% ACCP 48
B AR A R S MR A R A Sk A Y L Al s
POEE T =M. WERAR T &R AR T CAD X fifi 451y
G Y SRR B 5 PR

6. it ot

K HI SPSS 20. 0 G2 547 50 B . AN W) 4[]
SNR,CNR F s BH 4 % 9 22 5 4% 20 A >k FH O 26 70 At
PR LR AT SNK-q #5505 7 M50 CBURREE ) SR T 3
AR AR 2 1] ) BURRE 25 R AE A " K sk Fisher
B DI HE R 7k 617 HL B, 7 9 EL 4% R A Bonferroni £ 1F
Bio QAR B o AR 50 A 30 347 SR FH OSUA0N A6 365, A6z 5 7K
W N «=0.05,0) P<{0.05 HZERAHESEIT¥EZ XL,

% R

Tl R 5% R

I 2% 380 BN ABESE . L 201 4], 55 179 i) 5 4 %
28~91 %, F-#(58. 51 +8.62) % ; BMI 3} 15. 5~
27.8 kg/m*, F-¥(18. 754+1.91) kg/m?, A T.j H 4t
Kt 3405 g5, Horp SEPESE 1 2181 A, R4 SEpE 45
513 AN Al PR A5 711 A4

2. BWIEG & 5 AR 2E R

- SNR F1 S # CNR K 8 FBP, QD, AIDR
3D IDRE i 5 B b F#a #5 , pU B AR P P 22 0] 7 22
S G AR R S0 TR R B R % 0 BT A 4R R T AR



T 2F LR 2019 4F 11 H 28 34 55 11 ] Radiol Practice, Nov 2019, Vol 34,No. 11 1257

25 0.8

0.7

SNR

w

NTIETTT

[l AR T CAD Xof i 41 3 A i
T B A ARR i CT v il 45 75 0%
5 MR PR R A AE R 53 25 5 (HL T
A U Ak T FRIX ] HL BB
PER I AN & . BO7E DY Pl B A
AT ,InferRead CT Lung %} &5

o

BRRRE BFpE =B =i (-D ERR Y
B 1 RREE&ELETFH SNR 4.

2.

A FH 1 232 B TR 18 2 WL 5 £ v B T R IR, FBP.
QD Fi1 AIDR 3D s i Jg i 3 22 % . IDRE(93. 64 %)
(i RIURRBE B 25 /0 F FBP(90. 07%) . £ Rl it % &
X (P<<0.05,% 1,8 1~3),

3o U E AR AN [ e S5 it 455 1) s AL R

VU] e S R A R A W S P 45 T ) B BE TR S
26 55 RPN AR A3 SE RS R BUR A 2 5% Kb
A% (95. 59 26) FPE UL I AR FE (84. 67 00 I U E 2 5+
B GE T T S0 0T S B A5 R D 45 R 5 AR A ok
T RBGE 2B D,

k0 NAERHAMNFRAUREE T HHRE
il FBP QD AIDR 3D IDRE Xz P

5otk 2 94.08 94.43 95.99 96.17 4.269 0.234
4oL Y  84.67 88.15 91.11 95.59* 10.8380.013
JEIR LT 78.11 81.35 85.13 88.43* 8.176 0.043

R F) AL 6 BB B £ SRRy #e B &, Fisher # b0t 5 ik it 47
Y #% . % 7 L 4% R A Bonferroni & Eik; * A+ 5 FBP w4k £ 7 A %4 it

W’

Lodwick % F 1966 4 15 Y4 55 MLtk
A7 & 225 A KR 43 B - BT 5L G B A . {H 32 Y i
FARIKE- BRI e JF L4 CAD i R JR 218 . H 3
20 fiad 90 AR, B A T SEAL B H AR 1 & e, CAD
55 E B 2 5 AR 12 W 400 1 A5 g R, xS ) 95
W CAD % {2 7R W7 3. Takahashi 2455 5 Zhao
IR BT s CAD AR 58 B 132 7T i 2 4R v
JRJE (54%~96.7%), BmEK CAD Zfit T HE A T 1%
3 T I %) g B By 4 o % il 45 47 Gt 2R R ) 1 0%
1S 2441 B 6 458 35 (0. 55~13. 38 A/ i) 473 /& CAD
A R g ) 22— [l AR OBIE 5 . EROARAE R

BFRIE  SHOBEER iiéﬁ@ %‘@E@%W@%%ﬁﬁﬂﬁ CT ﬂfﬁ
E] 2 Xﬂ?}%ﬁ-%é’]%iﬁj CNR g%%‘ﬂ@*ﬁ&%ﬂ“ﬁ%ﬂjﬂgﬁﬁo

Katsura 21 5IE 52, AT A

XoF il 235 745 1) 12 W B0 B AE A [R)
HHEART HA 2554, /H CAD &

B FREZSE Bz v SRR . SR KB 5 B AR
T 7E A 4 2 BOM R 00 R B A R X CAD K
T S0 ) A/ P g B AR i CT il &85 715 &8 RE 14 5% i
AT A S A AR A MR T R
FR B S 5 R (ELAS T e S Y R PR T R ) A
VR 55 — AR e AR, QD AT A [7) 7 JBE 1Y) e I & 452 T
7T v PR o o e 2 R D = 4 I Ak T
B, TaERE B AIRD 3D 1 B0 i — 25 o 3%
TR B AT R M S [A)#, IDRE(eAIRD 3D) J&
—Fp 3T AIRD 3D iy I 45 ¥ o 45 0 75 1) J o — £
AR R AR AL B S W R B S Ay e . DUFh R
AR S HEFL B L FBP.QD, AIRD 3D, IDRE Jiji J§
AW T, F 1 CNR 5 SNR B2 00 & 4 5 & B
FABARWT L B . B CAD X 45 1 L K /0N il 45 95 14 fil
R FAETR Ay 22 5% B L5 e 5 N T3 A 25 SR AR
5 2 AU R 49 Bt P A 5 00 I o B2 T T R o R PH R
BERRAR . AR BIFIE AR SE , STk 45 (Y12 T B AR
O 22 W 7 AR A5 T {4 B 44 Y ) R o R 1
R 23 i e S Y BRI 2 B M. B InferRead CT
Loung X JE5 35 58 45 47 41 1] 5 358 43 52 0 245 747 41 1) 355 23 B
A5 A AR 2 R I B B AR T SR T R 2 1Y

B S T e L 2 T Ok 1 e oty e TR BT o 1) R B O i
P ) AR CT ) i Bk 2 0 i 14 0 A 4 R T 2 R T
E% . T AR R R P A T 4 MRl R
AR ST B 9 IEEE R 7 0 2 36 T CAD iy e fl &
HEHAR WA QWIS R A & T TR T 4541
] (1 % B J& & A7 76 22 5 1 . 45 T 50 3% W Infer -

%1 EHEZRHATFH SNRONRBAZ 5B EEH

A FBP QD AIDR 3D IDRE F 3y P
4 SNR 0.65=+0. 36 0.81£0.41* 1.2240.61® 1.484-0.83"  11.284 <0. 001
3 CNR 0.2740.19 0.3240.19*  0.3540.25%  0.3940.31% 14,144 <0. 001
B 90. 07 90. 96 92.97 93. 64° 10.130° 0.017
18R P (A /1) 5.3842.02 4. 6942, 31 2.66+1.21 2.06+1.04 0.336 0.716

E AP AR A AT E MmN SNK-q# k. R FE FBP LR ZFALHTFEL AFTE QDELZF AL FEL K

E
#J5 AIDR 3D sb#t £ 5+ A %t & L.



1258 FCET S 2019 4F 11 H 48 34 5% 11 #]  Radiol Practice, Nov 2019, Vol 34,No. 11

B3 mrmimel, OREREYEGE:DETERAG ;0= EpdREAG;Dx%2KRE%. InferRead

CT Lung /£ & % R #% %
BEMEAER T HEREY., B4

BT AR ERSERBE PR TIZEASAEBREY 2K BE T BT,
L gEH . a)FBP B42:b) QD B4 ;) AIDR 3D B4 ;d) IDRE

B 1%, InferRead CT Lung £ FBP.QD.AIDR 3D B+ k2 7% %4, IDRE B P bR =, 54 W £ A

PNV SR

Read CT Lung 7EA A 3 g 57 AR T X il 25 9 ¥ 33 B
5 5 AR BE (90. 07 %6 ~93. 64 %) LA K A 422 3% 1 4% FH
PEF (2. 06 ~5. 38 A/ i) o AF X AN [] 14 J5 il &5 15 1) %
PR AFAE 2 S o v B 0 S 2 1 AR R I A
2% % IDRE(95. 59 %) F1 FBP(84. 67 %) [l fUsk i 24 7
B G 2F T S0 X B B B 45 T R 4 RS Sl
452501, IDRE(88. 43 %0) fil FBP(78. 11 %) By fiU/k &
ERAGITFE X, EEZURFEW,CAD Tit &
VB R 56— v 3 I 55 0 o 34 T 2 o il 45 1 A
R, — BB FIRAMRAEREM N ER AL, HA
[vi) i A R T A A 11 25 5 38 A v R A A1 A 6T
S5 B H 2 R — o R R ) ROR . b
b AN ) E R R TR AN [ R R ) AR TR 23 X I R X
Eb I kb N 2 — g iR 2R
EAFZFGHBA RESE X AREERACH
Al RGERAEZ IR ABR G S G RE I8 3 r &5 & 1
RO B AR H RS I PR 56 . T H F R i 9024
MBS 255245 AL e SCrh i i CAD AL AL T3l B B
FEARTE NG R IR BE A A7 ™ A . AR IR 5T 4
th,InferRead CT Lung 7EAS [a] 55 & £ AR T XF A i 3%
P M A1 e g B T 45 1 AR Y 25 R R IR R BT CAD
T fiff PR M 5 T A7) 1 I 1 22 Bk R A A R 2k
O RO R B e 7= i B . ORI SN 2. H

Hi ALAER I MEAAL 2 T " "o A s Ag TAE# .
FATLCAR AT AR A B2 AT RE WS PR B2 AR R B2 A 52
I — ARy E A M AR A B AR AR AT A 2
AR E 2 WK PR T, W R ATE AT i B
T IFAHHT AR 55 U A B AT 52 R T IR 55 1 €
B A BE AR UE AR TAE 5 90 T R AR ARk
AL B Jay BRAE < LA IO A7 15 45 8 1) 08 2 Bk 2 i
PR ) B 3R Ol 2 BB o il 285 45 1 ) 5 I oK 423
T B A A AE 8 2 2% . (H I Ry BR 1R A A 3 A
CAD ZHREWF 5 P 8 ik . CAD MIRLRE = A T
VA VIR S A1 B R S AT T 45 AU R TE
ST — T B M & 2% 1 il 2575 CAD [1is 17
T e T T HABE ALY CAD 55 # — B 1k .
RIKWF5E P InferRead CT Lung {6 3 8@ 4 R
IS X il ARG I 4 B AT B Y R B EL X AR AN TR
TR R AS [P S5 i 45 19 A6t 45 SR A7 AE B 43 2 57
CAD & F 1 ) AT A7 15 0 — 2D g e
S E Mk
(1] SABRTE  WRvh, E 5, 45, 9220 B LA G 1R B R — 1 7 3 4
FAT S AL DR R SEAE AR A CT iy i A5 (1. st
2501,2018.33(10) :1022-1028.
[2] Vassallo L, Traverso A, Agnello M, et al. A cloud-based comput-

er-aided detection system improves identification of lung nodules

on computed tomography scans of patients with extra-thoracic



AT S2 e 2019 45 11 A4 34 %5 11 #]  Radiol Practice, Nov 2019, Vol 34, No.

11 1259

(3]

[4]

[5]

[6]

[7]

(8]

(9]

[10]

[11]

(12]

[13]

[14]

[15]

[16]

malignancies[ J]. Eur Radiol,2019,29(1) :144-152.
Cerfolio RJ,Bryant AS,McCarty TP, et al. A prospective study to
determine the incidence of non-imaged malignant pulmonary nod-
ules in patients who undergo metastasectomy by thoracotomy with
lung palpation[J]. Ann Thorac Surg,2011,91(6):1696-1700.
Jacobs C,van Rikxoort EM, Murphy K, et al. Computer-aided de-
tection of pulmonary nodules:a comparative study using the public
LIDC/IDRI database[ J]. Eur Radiol,2016,26(7) :2139-2147.
Jeon KN, Goo JM, Lee CH,et al. Computer-aided nodule detection
and volumetry to reduce variability between radiologists in the in-
terpretation of lung nodules at low-dose screening computed tomo-
graphy[J]. Invest Radiol,2012,47(8) :457-461.
Liu D, Awai K,Funama Y,et al. Identification and characterization
of focal ground-glass opacity in the lungs by high-resolution CT u-
sing thin-section multidetector helical CT: experimental study u-
sing a chest CT phantom[]]. Radiat Med,2008,26(1) :21-27.
Wielpiitz MO, Wroblewski J, Lederlin M, et al. Computer-aided
detection of artificial pulmonary nodules using an ex vivo lung
phantom: influence of exposure parameters and iterative recon-
struction[ J]. Eur J Radiol.2015,84(5):1005-1011.
Wagner AK, Hapich A,Psychogios MN, et al. Computer-aided de-
tection of pulmonary nodules in computed tomography using clear
read CT[J].J Med Syst,2019,43(3) :58.
Gruszauskas NP, Drukker K, Giger ML, et al. Breast US comput-
er-aided diagnosis system: robustness across urban populations in
South Korea and the United States[]]. Radiology.2009,253(3):
661-671.
Chong DY ,Kim HJ,Lo P,et al. Robustness-driven feature selec-
tion in classification of fibrotic interstitial lung disease patterns in
computed tomography using 3D texture features[J]. IEEE Trans
Med Imaging.2016,35(1) :144-157.
Russi EW,Bloch KE, Weder W. Lung volume reduction surgery:
what can we learn from the National Emphysema Treatment Tri-
al[J7]. Eur Respir J,2003,22(4):571-573
Gould MK, Donington J,Lynch WR,et al. Evaluation of individu-
als with pulmonary nodules: when is it lung cancer? Diagnosis
and management of lung cancer, 3rd ed: American College of
Chest Physicians evidence-based clinical practice guidelines[]].
Chest,2013,43(5 Suppl) :€93S-e1208S.
Setio AA,Ciompi F, Litjens G,et al. Pulmonary nodule detection
in CT images:false positive reduction using multi-view convolu-
tional networks[ J]. IEEE Trans Med Imaging, 2016, 35 (5):
1160-1169.
Takahashi EA,Koo CW, White DB, et al. Prospective pilot evalu-
ation of radiologists and computer-aided pulmonary nodule detec-
tion on ultra-low-dose CT with tin filtration[ J ]. ] Thorac Ima-
ging,2018,33(6) ;396-401.
Zhao Y ,de Bock GH, Vliegenthart R, et al. Performance of com-
puter-aided detection of pulmonary nodules in low-dose CT:com-
parison with double reading by nodule volume[ ] ]. Eur Radiol,
2012,22(10) :2076-2084.
Ozekes S,Osman O, Ucan ON. Nodule detection in a lung region

that's segmented with using genetic cellular neural networks and

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

3D template matching with fuzzy rule based thresholding[]]. Ko-
rean J Radiol,2008,9(1) :1-9.

Benzakoun J, Bommart S, Coste J, et al. Computer-aided diagno-
sis (CAD) of subsolid nodules: evaluation of a commercial CAD
system[ ] ]. Eur J Radiol,2016,85(10) :1728-1734.

Katsura M, Matsuda I, Akahane M, et al. Model-based iterative
reconstruction technique for ultralow-dose chest CT;comparison
of pulmonary nodule detectability with the adaptive statistical it-
erative reconstruction technique[J]. Invest Radiol,2013,48(4) ;
206-212.

Jin S,Zhang B,Zhang L.et al. Lung nodules assessment in ultra-
low-dose CT with iterative reconstruction compared to conven-
tional dose CT[J]. Quant Imaging Med Surg,2018,8(5) ;480-
490.

Vardhanabhuti V,Pang CL, Tenant S,et al. Prospective intra-in-
dividual comparison of standard dose versus reduced-dose thorac-
ic CT using hybrid and pure iterative reconstruction in a follow-
up cohort of pulmonary nodules-Effect of detectability of pulmo-
nary nodules with lowering dose based on nodule size, type and
body mass index[]J]. Eur J Radiol,2017,91:130-141.

Hong SG,Kang EJ,Park JH,et al. Effect of hybrid kernel and it-
erative reconstruction on objective and subjective analysis of lung
nodule calcification in low-dose chest CT[J]. Korean ] Radiol,
2018,19(5) :888-896.

Wang S, Wang R, Zhang S, et al. 3D convolutional neural net-
work for differentiating pre-invasive lesions from invasive adeno-
carcinomas appearing as ground-glass nodules with diameters <C
3cm using HRCT[]]. Quant Imaging Med Surg,2018,8(5) :491-
499.

Yasaka K, Akai H,Kunimatsu A,et al. Deep learning with conv-
olutional neural network in radiology[ J]. Jpn J Radiol,2018,36

(4):257-272.

Christe A, Leidolt L., Huber A,et al. Lung cancer screening with
CT:evaluation of radiologists and different computer assisted de-
tection software (CAD) as first and second readers for lung nod-
ule detection at different dose levels[ ]J]. Eur ] Radiol, 2013, 82

(12) :e873-€878.

Das M, Miihlenbruch G, Heinen S, et al. Performance evaluation
of a computer-aided detection algorithm for solid pulmonary nod-
ules in low-dose and standard-dose MDCT chest examinations
and its influence on radiologists[J]. Br J Radiol,2008,81(971):
841-847.

Dennie C, Thornhill R, Sethi-Virmani V, et al. Role of quantita-
tive computed tomography texture analysis in the differentiation
of primary lung cancer and granulomatous nodules[ ] ]. Quant
Imaging Med Surg,2016,6(1) :6-15.

Kim DW, Jang HY, Kim KW, et al. Design characteristics of
studies reporting the performance of artificial intelligence algo-
rithms for diagnostic analysis of medical images:results from re-
cently published papers[ J]. Korean J Radiol, 2019,20(3);405-
410.

e H39:2019-02-19 &[5 H 1 :2019-06-08)



