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CT Diagnosis of Chronic Obstructive Pulmonary Disease Based on
Slice Correlation Information
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Abstract: Chronic obstructive pulmonary disease (COPD) is a common respiratory disease of the world, and the
doctors need a lot of time to read the abdominal CT images for COPD pre-evaluation. To improve the pre-
evaluation efficiency, a deep network based on slice correlation information was proposed for COPD auxiliary
diagnosis. First, by using a grouping approach, the architecture of the deep network is divided into several network
branches, each of which aims to extract the local intra-slice association information of the CT images. Then, the
outputs from multiple network branches are integrated via a BILSTM to extract the global inter-slice association
information between the adjacent CT slices. To further improve the ability of local feature extraction for each
network branch, the enhanced multi-headed convolutional attention is designed by embedding the ConvNeXt into
the existing multi-headed convolutional attention. Experimental results show that the proposed deep network
achieves promising effectiveness for CT image classification on auiliarily diagnose of COPD, and the accuracy,
sensitivity, specificity and AUC of the proposed network reach to approximately 92.15%, 94.17%, 91.17% and

95.33%, respectively.
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Fig.5 Enhanced multi-head convolutional attention module

ConvNeXtii i I RFAE ML B /E AMHCA SN

MHCA T EH I3 X3 HERE NI 1IEFRE 1
AMBatch Normal Z M 1 PMReLUZE M A, HF 2R~ N
R, = PWC (PWC (DWC (x3))) + X (3)

2 I A RFIE U B, R, 9 ConvNe Xt 45 ik
WS, R, IMHCA % HHRFAE S 1]

1.6 Ef-Transformerf&EiRk

N T SR b SR HCEH U ] R R OGBS
£ 53 3 R FHEf-Transformer B2 URFE . 41
Ko, FRERLST B 285 1) Layer Norm/)Z , A
#|E-MHSA (Efficient Multi-head Self-attention). E-
MHS A% (FIRFAE LS B ATES-Transformer%i A (4]
GERFAE PR ST Rl i — AN 22 1 AT A AR 21 2
YR T B ORAE BS B )5 , S \Z8 0t 14 Layer Norm /2
MTAMLPJE, 58 AT — IR Bk 2 & H A0 N - Ef-

TransformerfB 3 [T HEEFE 7] LB RR N
S, = EMHSA (LN (x,) + x; (5)
S, =MLP(LN(S ) +S, (6)

b x N RRIE U B, EMHSAGER 2 Sk B TE

B ERE,, LNfR R LayerNorm 1E U 4L JZ 21,
SN RER ZE B ) R A, S, N B IRk ZE iR
2 0% AL

—_———— e ———— —— — — —

- , .
[ ‘* m ‘* |
gl i
: | g g [
I AN IR
|#5m\ 5 S >
%\EA > |

. | = = _ |
l |
mC0 B E
. \ )
mo ’

Kl 6 Ef-Transformerfiik
Fig.6 The Ef-Transformer module

1.7 BIiLSTM#&iR

RN ECOPD & & ICT V) i B A — 2,
It LA 538 CTY) 5 41 (1 3 4 A5t A BT AS [/« R
FIBILSTM £ B G MR S5 41 2 (8] (V) v 42 JR
KB B BILSTMES N 7R, il AR m

I, = O-(Wixt + Uiht—l +bi) (7)
fr=0 (Wpx, + Ush,_, ++by) ®)
0, = O'(W,,x, + Uoht—l + bo) (9)

C,=C. - fi+tanh(Wex, + Uch,_, +bc) - i, (10)

h, = 0, -tanh(C,) (11)

= (o) (12)

AP (T R £ 30 T e
{0 o it T TIR4RERE A b9 6 1106 50, w A

U 73 SN 7 B i A RS GECR 25 A, 5 TR A
LR SR o x, b7 WONRFAEAE D) e R B AN RIS IR

A

b g f
=)

LSTM Cell .70 €D $i544f
L EIESRSED S

| BREEES e s
- LR IS B

K7 BiLSTMAR
Fig.7 The BiLSTM module



13 R, 55 T U R RIS B RO P ZE MRS CT 2 Iy 31

2, ho Y - IR A, € B2 3 TR A
Iy il 43 500 A L STMF R 140 56 H A 140 % H 5 tanh Ay
S T B 5, b FRBILSTMIF % e , - yhadamard
M.

1.8 ISk RE
K 28 X545 5% pR B AL AT H IR T 2% 5
B, RIEN

1 M
Lee=—4; ;yiln (P) (13)

2y NCOPDE LS ITERZE , p I AR Kt 12

IR MR I ZREE AR AR (s MR R 5 .

P M

21 BERERINGHERE

AR SC S AAR S H ) B R 2 5 — B IR R B
AL, JLUSE T 1615 COPD A CTF 41, £:51 K4
AL E 13034002 [H[ICTY) F G - TR, Hicdis i a3t
.5 43 1405k CTYI v BUE &5k D) BUR 1) 4 R
FE512x512, 13 25 P38 90.68 mm, V) AP )R i
91143 mm. HH T B EH B FA S PSR, AU RE
TRIX LR HHE -

NZREE 1106113530 1905k CT V) H #a R, TR 4E
51451 3%12 9505k CTUI Fv 44 i, i bmid: 3 th 42 55
F & WA SE R

AL AR — G BLE WNVIDIA RTX A6000
48 GB GPUAlInter Xeon(R) Gold 5218R 2.10GHz
CPU) T AF 3 b 58 f o 458 R Y11 20 AR A 10 2 2
T-PyTorch 1.6(python3.8)# & 2% ST HEAE g A2 S I, H
WGHIES TR TR

* 1 BRIZGAIG S

Table 1 The initialization parameters of the model in training

24 Kl
RSN ZR KA IR EL 200
EIEI 2RV ONGN 1
ERIE S 0.000 03
WIGRIS RIPEAL 2% AdamW
TRECE IR B, 0.9
TR R B, 0.999
[ER=3 = 0.05

P bR A R K (Accuracy, ACC) R & E
(Sensitivity, SEN) 45 1 (Specificity, SPE)F15Z ik &
TAE%FE (Receiver Operating Characteristic, ROC) ]
28 N T A (Area Under Curve, AUC) . H:H1, AUC

HIME FHROC 1 28 5 AL b el s ) X 38 T AR BT A3 . ACC
SEN.SPEFITTH AN

2TP

ACC= 2TP + FN + FP (14
TP

SEN = TP + FN (15)
TN

SPE = TN +FP (16)

X TPRIR HPA M, L ShR %5 HCOPD 3, 1A
T 9COPDEF s FPR B FH M, LSR5 9COPD
B, BTN IECOPD & % TN R B I, 1
SR N AECOPD A, A T 9 JECOPD & 2
FNFRRMEYIME, B SR8 9 AECOPD A, A5 20 Tl
NCOPD .

22 HRLSELS

(1) AN[FIABEHRT DX 245 4 5 ) 52

ARSI A AT PR VA Fih S0 150 B X 28 Hh A DG
BEHOT P 2412 7 ME BE 1 5209, Ef-Transformer4i 5 4
Ef-Trans, 4 W2 7w o

2 ANFRFESRIUSEER X EE

Table 2 Comparisons of different feature extraction modules

L3S EizE0)

BiLSTM Ef-Trans MHCA En-MHCA ACC/% SEN/% SPE/% AUC/%

V x R x 8823 7647 94.11 89.96
x J J x 80.39 58.82 91.17 86.16
J \ J x 90.16 7627 97.05 93.25
J \ x J 92.15 94.17 91.17 9532

20T LU 2, 24 R A% FHEf-TransHy, p£% H 3k
BT 0 A D) (81 =) 3 SR BRAE S, T 240 1 2L A D)
B4 R RS 2. AT 5 80U 252 Wik R A 22 . T
1 FUCR FHBILSTMIN, W28 (12 Wik i 28 S 1t BR 22 L
R FHEL-Trans 5 KM B 42, 3 15 B 41 18] K2
KRR COPD 2 Wr B AT E1 B4R SN E - 24 (RIS
BiLSTMHIEf-TransF, /4 2% 14 G2 AH LG T A {8 H
BiLSTME [ X 45 W& it A7 BB 7, 3 1 B 2L 1) () V) 1
22 R RIS BANL A B V) s B o IS B A B
A RESETHCOPD R ICTF 41 43 KRR« MBI —
ITEE KRR, 72 I 0R 2 Sk B R B B S %
T2 BRI IR HAH L, 245 112 W i A 5 25
PEREA BTIRTT

(2) ARG Y] ZHOT W2 PERE 5200

N T ARBAFE 15 A U] Fr B 9 25 1 BE 1)

ANSY



32 - N NI - 3

¥4l %

Wi, A ST 0 BESRYG: - AR 3 B, 27 1Y) 0N
100, P28 I AUCTR B R BILE 4 o X R I 2 (73
ALV Bz 3 RS 2% 0 AR 52 B 1) 45 1 DR BBk A
B T 2 I HUT A BERAE TIURIVIA RIS -

R 3 ARDAYIFSER SR

Table 3 Comparative experiments with different grouping of

slicing parameters
N ACC/% SEN/% SPE/% AUC/%
5 88.23 82.35 91.17 90.48
10 92.15 94.17 91.17 95.32
15 92.15 82.35 97.05 94.46
20 90.19 76.47 97.05 92.56
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