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A preliminary clinical evaluation of a 3D convolutional neural network based deep learning system
WANG Xiang, LI Qing-chu,SHAO Ying,et al. Department of Radiology,Changzheng Hospital of Na-
val Military Medical University,Shanghai 200003 ,China

[Abstract] Objective: To assess the application value of artificial intelligence model,a standard-
ized testing set constructed according to the expert consensus were used to validate a prior developed
3D convolutional neural network (3D CNN) algorithm and evaluate its clinical efficacy and limitation.
Methods : A standardized testing dataset was constructed based on the expert consensus on the rule and
quality control of pulmonary nodule annotation based on thoracic CT and used to test a prior developed
3D CNN algorithm and two traditional CAD systems (Siemens syngo. via VB 3. 0 and Philips ISP V8.
Several metrics). Several evaluation indicators, such as detection sensitivity, precision and average
number of false positives per subject (average FP),were calculated. Results: Testing with the standard-
ized chest CT dataset,the sensitivity, precision and average FP of Syngo. via VB 3. 0 were 36%,69%,
and 1. 2,respectively. The three indicators of Philips ISP V8 were 34%,73%,and 0. 9, respectively.
The studied 3D CNN algorithm obtained a sensitivity of 90% ,a precision of 71% ,and an average FP of
2. 8. Conclusion; Compared to the traditional CAD systems,the 3D CNN algorithm shows a significant
improvement on detection sensitivity of lung nodules. However, the detection sensitivity still needs
further improvement due to the unbalanced training dataset. Studying with a more diversified training

dataset,e. g. ,more included ground-glass nodules, may further improve the detection sensitivity. The
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Al system can help the radiologists in lung cancer screening in a more efficient way after improve-

ment.

[Key words]

Lung nodule; Artificial intelligence; Convolutional neural network; Computer-ai-

ded detection; Tomography, X-ray computed; Ground-glass nodule
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Preoperative staging CT-based radiomics signature in predicting triple-negative breast cancer ZHANG
Wen,HE Lan,FAN Zhi-hao,et al. The Second School of Clinical Medicine,Southern Medical Univer-
sity, Guangzhou 510515,China
[ Abstract] Objective: To explore the additional value of preoperative staging CT-based radiomics
signature in predicting molecular subtype of triple-negative breast cancer. Methods: From January 2016
to May 2018,481 patients with pathological confirmed invasive breast cancer (mass type) were en-
rolled in the study. All patients were performed routine staging enhanced chest CT before surgery. A
total of 150 cases were randomly selected according to the ratio of 1:2 (triple-negative vs non-triple-
negative breast cancer). Among the 150 cases, 90 cases were divided into the training dataset and 60
cases were divided into the validation dataset. All patients obtained detailed information about molecu-
lar subtypes of breast cancer by immunohistochemistry. The radiomic features were extracted based on
volume of the interest in all patients and Lasso logistic regression model was used for dimensionality
reduction, feature selection and construction of the radiomics signature. The receiver operation curve
(ROC) was used to evaluate the performance of the radiomics signature in predicting triple-negative
breast cancer. Results: The radiomics signature composed of 5 radiomic features was associated with
the triple-negative molecular subtype of breast cancer (P<C0.0001). The constructed radiomics signa-
ture obtained good predictive performance in identifying triple-negative breast cancer,with the area un-
der the ROC curve (AUC) of 0. 766 (95%CI:0. 743~0.789) and 0. 758(95 % CI:0. 718 ~0. 798) in the
training and validation dataset,respectively. Conclusion: The constructed radiomics signature based on
preoperative staging CT could be helpful in differentiating between triple — negative and non-triple-
negative breast cancer,which can provide additional value of routine preoperative staging CT for clini-
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cal treatment decisions.
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genuity CT (Philips Healthcare, Cleveland, Ohio,
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LightSpeed VCT JEFIN ] 2 0. 4 s 5 £ 5 1 EL 23 1)
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T H AWM CT L CREFH CT B4 Hak
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A mL/s, 7050 F S0 HE RS 18 .35 s R 4 Jiff 3l fik
WL FE gk CT K&

4 AR PR AR S IR

KA FET MATLAB 2014a (Mathworks, Natick,
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3AEFN T AEMFLIR AR S WA Y ] itk-SNAP # {4
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J o 3 BB S I P A5 ) i k2 s AN T B i B
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W& FHIE

T JE BB g AR

5. GLitop o b

S8 I R g B R 2 W R A L A < X R I AR g B
BLR TR 2R 40 5 30Uk 2 18] 1 22 S Lo K A8 B A Ry
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Whitney U #a55 #4740 1245047
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cients, ICCs)XFEE A 1 [ Ly A1 A7 0 1 3% 18] fr) — Bk
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B ICC; R BEA 1T M — RIS RS EE 2 W
A 5 SR 3 ) g ICC, 1CC=>0. 75 A Ry Hi—
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AL B 2 AR AR 20 57 65 25 1 1 57 R ] Lasso-lo-
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PR A A TN SR AR A A R . g i
FR) AR IE 5 08 B AINAR 2 50T AR ) 4 A 21 5 K OO 78 4
BE R AR A AR I AR A

SEARZH 2 b 25 T S8 RE 1Y PEA < I 32 AR
$5AE (receiver operator characteristic, ROC) fii & 9 i
28 F I fH (area under curve, AUC) PEAL & 37 HI 212 4H
bR 2T LR A = B P AR A 1 S 1 I &g . AUC B
RAUEH HAZ Wialse 8y . 330 A0 1 9 ROC i 47 T
BUCAUC) UL 5B 2045 95 20 B 5 DX IR 1 31
B, LL BT B Ccut-of f points) DL K 298 45 %k
(youden index) (f{JR)E +HHRE-DME.

FKH R WM (wA&: 3. 0. 1; http: //www.
Rproject. org) $EATGE 112 43 #r o i EOAR B 1) A2 7 £
ol R K58 RO N B SE TR g . L P<C0. 05 A ZE S A
Gt L.

#Z R

1o N F 2 Rl PR AR

LA A8 1] fib B A L, Bt 152 3 P A58 s 191 B AT AT
BAZ, oA TNBC 50 1], AR 405 95 1] = R JH Bl AL 55
B HBRREAS 1+ 2 BE AL AL 2 B = M 2L e SR
9 FL R 2T 150 i B E (90 BRI 2R 4L, 60
BIFE Ry B k2D FEAT 4007 BB B Lok TNBC 8%
HAERE S 23~81 % . i A1 49 % s NTNBC & 1Y
RIS 26~73 & PP ARRE 49 & L BB A AR IS 25
SRG I #FE L (P>0.05.% 2),

k2 AREREMERRHARELERLE

I JRA4F AE U BiEM /y* A P
FH(H) 49.93411.9049. 95+11. 05 —0. 009 0.993
AZKkEM.%) 1.394 0.238
% 257 61(67.8) 35(58.3)
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T FE 2k (n, %) 4.197 0.123
I 8(8.9) 1(1.7)
ii 44(48.9) 27(45)
m 38(42.2) 32(53.3)
SFHE (%) 1.227 0.754
Luminal A # 11¢12.2) 6(10)
Luminal B # 30(33.3) 17(28.3)
HER?2 i& & & # 19(21.2) 17(28.3)
= (& (TNBC) 30(33.3) 20(33.4)

2. MEEHE A B 2z 8] ) — Bk AL

HETEA D SEL 2 BERAFHIE TS G & &
[i] ) — B M 47 (ICC 2y 0. 785~0. 998) . HE T EE/E 1
PR AR I e AE T 5545 H I 5 o N B — BOPE A
(ICC 2 0.812~0.998), [k, Tk 43 #7343 F B4
15— AR I FRAIE

3. AR AR B R ST

i 1 Lasso-Logistic [a] 945 B A i ok HoA JE %
ZBU 5 DG F AR (B 1), T X s E 5 2>
FH N 1 2R B e R £ PR A5 ) 52 IR A 2 A 28 (A 5K
D, YIZdird, TNBC 4B #H R4 F A 2EHN
—0. 496 (U437 B a BE —0. 707, — 0. 222) . 5 F NT-
NBC 4 # & iy — 0. 864 (U 43 i % fa] 5 — 1. 031,
—0.634) . ZRAGRITFEX(P<0.001);; o ukdi .
TNBC 41 F1 NTNBC 41 3 (5 A5 41 2F bR 25185 5 3N
—0. 603(PY43{i Ek Al BE — 0. 902, —0. 346) Fl — 0. 899
DY 43 i BRI BE — 1. 010, —0. 768) . 2% St B A e 32
B (P<C0.001),

YW FARE /L= —2. 61548+ 0. 010178 X compactnessl
—50. 3070 X GLZM _ZP + 0. 11981 X GLSZM _ SAHGLE +
0. 26238 X band_max-1. 43099 X band_mean »

4. T AL e VA

AT T S AR 2 bR 20 R o T R =
Bk 5 A A 4 g T I & e . I R4l iy AUC 2R
0.766(95% CI:0.743~0.789) , HURLE K 0. 667 , 5
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Development of a ResNet-based CADx software for classification diagnosis in chest X-ray images
ZHANG Xiao-dong,SUN Zhao-nan,REN Xin,et al. Department of Radiology, Peking University First
Hospital, Beijing 100034 ,China

[Abstract] Objective: To evaluate the feasibility of residual deep neural network (ResNet) based
deep learning model in the differentiation between "no significant finding" and "any significant find-
ing" cases in chest X-ray (CXR) images. Methods: From January 1 2017 to July 1 2018,a consecutive
cohort were retrospectively collected in this study. All the images were divided into the "no significant
finding" group (defined as no significant finding was detected and reported) and the "any significant
finding" group (defined as any significant findings that were detected or reported). Finally,9765 cases
were collected in "no significant finding" group and 9956 cases were collected in "any significant find-
ing" group. The ResNet 152 (152 layers) was used as the framework of the binary classification model
and the Grad-CAM (gradient class activation maps) was used to generate model activation heating
maps. The cohort was randomly divided into training (70%), validation (20%), and testing dataset
(10%). The results obtained in testing dataset was considered as the performance of the model. Re-
sults:In the testing dataset, 1018 cases were classified as "any significant finding", while 995 cases
were classified as "no significant finding". The precision, recall and Fl-scores were 0. 885 vs 0. 894,
0. 898 vs 0. 880 and 0. 891 vs 0. 887, respectively in terms of two group (any significant finding vs no
significant finding). The areas under ROC (AUC) were both 0. 96. Conclusion; The CXR binary classi-
fication model could be useful in the prediction of "no significant finding" and "any significant finding"
for CXR images.

[Key words] Deep learning; Artificial intelligence;residual deep neural network; Chest X-ray;

Use case; Structured report
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A clinical study of Al on the detection and classification of pulmonary ground glass nodules CAI Ya-
qian,ZHANG Zheng-hua, HAN Dan,et al. Department of Medical Imaging, First Affiliated Hospital of
KunMing Medical University, KunMing 650032, China

[ Abstract] Objective: To explore the clinical application value of artificial intelligence (Al) in the
detection and classification of pulmonary ground glass nodules (GGNs). Methods: A total of 1230
GGNs in 200 patients with chest CT plain scan were collected. The detection sensitivity,false positive,
rage of missed diagnosis, positive predictive value and average diagnosis time were compared in the fol-
lowing groups:group A (resident), group B (Al) and group C (resident combined with AI). 137
GGNs confirmed by surgery and pathology were divided into benign group (54 cases) and malignant
group (83 cases) according to their pathological reports. The differences of Al quantification parame-
ters between the two groups were compared, ROC curve analysis was performed for the parameters
with statistical differences. Then,logistic regression analysis was performed considering the pathologi-
cal results as the dependent variables and the parameters as independent variables. Results: The false
positive of group B was higher than that of group A and C,while the positive predictive value was low-
er than that of group A and C. The rate of missed diagnosis of group A was higher than that of group
B and C,while the detection sensitivity was lower than that of group B and C (P<C0. 05). There were
statistically significant differences in longest diameter, maximum area, volume,average CT value, maxi-
mum CT value and malignant rate between benign and malignant groups (P<C0. 05). All parameters
obtained AUCs greater than 0. 7 after ROC curve analysis and the longest diameter and maximum area
were identified as independent risk factors for malignant transformation of GGN after logistic regres-
sion analysis. Conclusion: Al-aided CT reviewing can significantly improve the detection sensitivity and
reduce the false positive,rage of missed diagnosis in terms of pulmonary GGNs. Meanwhile,it has po-
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tential reference value for the prediction of benign and malignant GGN.

[Key words] Artificial intelligence; Pulmonary ground glass nodules; Tomography, X-ray com-

puted; Screening; Diagnosis,computer-assisted
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