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1.3 Fh&ETHa
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K1 Bfk A iegs 1 o S Bl 2 3 B il R A
Fig.1 The pulmonary nodule recognition Fig.2 The pulmonary nodule recognition
interface of software A interface of software B
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Fig.3 Different types of pulmonary nodules
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Table 1 The detection of pulmonary nodules by two separate kinds of
software and their combined effect

RO H 1 100
W ik
%/ % B /% BB/ %
HAE A 92.1 3.52 7.87
WAEB 87.0 2.69 13.0
HAE A TRA A B 97.1 1. 04 2.91

22 PR AL AR PR AL A BB N AR R 2 S
Table 2 The differences in nodule detection rate between the two artificial
intelligence software and their combined effect

L o
Ak N (%)
)(2 P Kappa
WA AN A 445 (92. 1) 25.519 0. 000 0.213
WA B- N LA 420 (87.0) 16. 472 0. 000 0. 150
AT A ST B- N LB 469 (97. 1) 102. 697 0. 000 0. 439

2.3 M AL G AR LB ETH IR B RELE

PR A0 T SE PRG5BS T IR R gt E e (R 3D M A BN TR A b sE
PESETT RS AL 45T IR A ST 22 25 5 B B RN L ) A0 B B B 5 W A N B R 2
(F4D,
2.4 PEFh AL ST TS TR E SN

PR AT BAF I I N T AN ISR I S (R A, JER SR S B B A R
FRIIC A A AN [ R Y 555 G ) 26 55 B A EE o g vk 27 25 5 (R 4D, PIFIARIF RIS 5 NI
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bhghi R A e g vt 25 25 7 (3R 2), PRS- 5 N 0 2 18] 1 — S0RE BEAC T B A —
Bt (Kappa = 0. 439),

Ca) B AR A S5 U D ES (b Bift B Rl Tk L S5 R Ry
PEETT Rt SEPEEETT ORE 2D

4 PR AU A B

Fig.4 False positive nodules identified by the two software

Ca) Bf AR 2l i iy A 22 B (o) B B R L fili T A AL 45
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Fig.5 False negative nodules identified by the two software

23 PR ALK
Table 3 The detection of different types of nodules by the two artificial
intelligence software

SETRS I A
AR i N P
BAEA (%) WAEB (%)
SEPESET 295 279 (94.6) 254 (86. 1) 0. 030
KSRt 6 6 (100.0) 3(50.0) 0. 000
ol RS 68 56 (82.4) 63 (92.6) 0.079
FEAL £ 114 104 (91.2) 100 (87.7) 0. 098

F4 BAP AL AR AL AFBEE AR R 45 i = R
Table 4 The differences between the two artificial intelligence software and
their combined effect in identifying different types of nodules

sk gy ARy S L NS E 2 A
S P S P e P 7 P
AE AN TR 10. 693 0. 001 - 0. 538 0. 030 0. 862 14. 809 0. 000
A B- N LR A 0. 800 0. 371 - 0.182 6. 741 0. 009 0. 556 0. 456
WAE A A B- AT 0.381 0. 537 — 0. 464 0.271 0. 603 0. 000 1. 000

T —A Fisher BYIMEAREBCA NI T

3 g
CT FAI T2 A A it 42555 R H SR 8, (EL B PG BRI 22, SR 2 T 5 52 00 P 25 S 0 1
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Evaluation of the Diagnostic Value of Pulmonary
Nodules Based on Two Al Software

CHEN Xinhua', HUANG Xiaoqi', L1 J ianlongﬂ, GUO Youmin®

1. Affiliated Hospital of Yan'an University, Yan'an 716000, China
2. The First Affiliated Hospital of Xi'an Jiaotong University, Xi'an 710000, China

Abstract: Objective: To explore the clinical value of two kinds of Al detection software in > 5 mm pulmonary nodules.
Methods: A total of 92 patients with pulmonary nodules (483 nodules) were selected from the affiliated Hospital of Yan'an
University between June and October 2021. The nodules detected by Al software were evaluated and the number and type of
nodules were recorded by two senior radiologists. Two senior imaging doctors then evaluated the manual film reading, which
was used as the gold standard for nodule recognition. Subsequently, the detection rate and false positive and negative rates of
the two software were calculated, and the nodule detection value of the two Al software was evaluated. Additionally, the chi-
square and Fisher precision tests were used to compare the differences between the different software and the gold standard.
Finally, the diagnostic value of the combination of the two kinds of Al software for pulmonary nodules was calculated.
Results: The detection rates of software A and software B nodules were 92.1% and 87.0%, respectively. Moreover, the
coincidence degree between software A and manual reading was general (Kappa = 0.213), while that between software B and
manual reading was weak (Kappa =0.150). There was also a significant difference in the detection of solid nodules and
calcified nodules between software A and manual reading, as well as between software B and pure ground glass nodules. The
detection rate of nodules with the combined two kinds of Al software was 97.1%. However, compared with manual reading,
there was no significant difference in the detection of nodule types. The combination of the two Al software had a good
agreement with manual reading (Kappa = 0.439). Conclusion: The combination of two kinds of Al software improved the
ability of nodule detection and classification analysis. Furthermore, the method of joint diagnosis is recommended for clinical
use and it provides evidence for further improving the homogenization management of Al data sets.

Keywords: artificial intelligence; CT; pulmonary nodules; detection
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