4308 TAEF 20225 12 AF 51 A% 248

* %%Eﬁ ® doi:10.3969/j.issn.1671*8348. 2022.24.031
E T DenseNet EiEIT RS SimAHARRFERE S
EINKETRY EHFR

Rl &L AT FLEHHA L ERLLVARESLE R
(AL B\EAKRFE, KK 030051;2. WBEAKRFHBEARERE AF, K& 030012;3. KR
BIRFREEFR. LG 03002454, LB EAKFWES —ERBEA., KR 030001)

[(H8E] BB JFA % T DenseNet B ks b K om (MN) B k4T R B2 BIE /75 £ 9 A T4 a4
B HRAATEREEZ LMY REREITAE MNRELN P LARAAT R — W E N, RS REHE T
MN #9824l KF, Fik #R2014—2019 F L BEAKXFHES —ERIKEH MN &% 50840 0%
A B 1250 K, 2 Fe R~ (PASM) £ &5 B 1150 K, 234045 MN B2 45411
#969 PASM # & Jm 32 B 4% 127 3, #7438 i3 Cascade R-CNN W %37 5] SF 4 m B2k, & &5 5 % m 24
EFfsmEl e BB TR B AR KEG T DR AATRIEMN, 3k 492 KBS % R4 H 4T RA4F
REGEDRMAATRIAM, R 523 KBH, AL TEESF T4 DenseNet 4 £ W & My & st B D sk4r Rt 47
SRUATHREA, BHBBEEAE: 2 5 A NG EFMKE AL ML E TN X BB ERATIRE., LA Z
%4 DenseNet B A 2f B4R #ATM K, BT RBE HFF ARG DK IEdH L9 E X T aRAUC) 2l 4
WA R AT IEE, R A T DenseNet R 2 EHAMB Y2 EAATRG T DRI ERFT_ £, £
BN KERFRNBIER 98.00% A HEH 92.45% e FE A 95.00% ,F1 4 95.15% ., DenseNet 424 £ I,
B, AUC 4 0.97, £5if DenseNet T B DN HRA RN 0 A KB TRIAN B E AR EFRIHKE |2
Ny oL Ao i B F B — 3R G AR FAT M B R AT B )R 4 MIN,

[X88iA] Bk B %47 R sDenseNet; IRAEF I 5 AT 5k

[FEZESES] RS [XERARIRAE] A [XEHS] 1671-8348(2022)24-4308-05

Classification of glomerular spikes in pathological image of membranous
nephropathy based on DenseNet algorithm”
ZHANG Xingna'* . YANG Hui'?,LIU Xueyu®,JIANG Qiuzhu'"?,
LI Rongshan® ,ZHOU Xiaoshuang®> ,WANG Chen"
(1. Shanxi Medical University , Taiyuan ,Shanxi 030051 ,China ;2. Department of Nephrology A f filiated
People’s Hospital ,Shanxi Medical University, Taiyuan ,Shanxi 030012,China ;3. College of

Big Data , Taiyuan University of Technology , Taiyuan,Shanxi 030024 ,China ;4. Department o f

Pathology sthe Second Hospital of Shanxi Medical University, Taiyuan ,Shanxi 030001 ,China)

[Abstract] Objective To develop an artificial intelligence model based on DenseNet algorithm to classi-
fy the pathological images of glomerular spikes in membranous nephropathy(MN) ,and to study whether the
artificial intelligence model can assist the pathologists to find the fine structure of spikes in the pathological
detection of MN,so as to improve the diagnosis level of pathological physicians on MN. Methods A total of 1
250 pathological sections of renal tissue needle biopsy from the patients with MN in the Second Affiliated
Hospital of Shanxi Medical University during 2014 —2019 were selected,1 150 periodic acid-silver metheram-
ine (PASM) staining pathological sections after screening met the requirement and 127 PASM staining patho-
logical sections diagnosed as the stage I MN were selected. The earlier stage experiment identified and detec-
ted the glomerulus by the Cascade R-CNN network. The cut glomeruli were classified by a senior pathologist,
and the glomerulus containing the spike-like change was considered as spikes positive, with a total of 492 ima-
ges. The glomerulus without the spike-like change were considered as spikes negative,with a total of 523 ima-
ges. The DenseNet classification network based on deep learning was used to construct an artificial intelligence

model to classify the glomerular spikes. The data set was divided into the training dataset and testing dataset
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with a ratio of 8 ¢ 2,and the model performance was evaluated through the testing the dataset. The trained

DenseNet model was used to test the image. The post-training model was evaluated by the sensitivity,specific-

ity and area under the curve (AUC) of the receiver operating characteristic (ROC) curve. Results

Based on

the DenseNet model, the glomeruli with and without spikes were correctly detected and dichotomized. Accord-

ing to the test results, the obtained recall rate was 98. 00% , the precision was 92. 45% , the accuracy was
95.00% and Fl-score was 95. 15%. The DenseNet model showed the high performance with AUC of 0. 97.

Conclusion The dichotomization of glomerular spikes by DenseNet has achieved the high recall rate,accuracy

and sensitivity, but the precision and specificity need to be further improved in order to better assist the patho-

logical doctors in the diagnosis of MN.
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