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Application of Morphogo in the detection of minimal residual disease

in multiple myeloma
Liu Siheng,Li Jia,Peng Xiangui,Zhang Cheng
(Hematology Medical Center ,Xingiao Hospital ,Army Medical University)

[ Abstract]Objective : To explore the application prospects and problems of artificial intelligence bone marrow cell recognition system ,
Morphogo , in the detection of minimal residual disease (MRD) of multiple myeloma. Methods : A total of 65 cases of MRD of mul-
tiple myeloma confirmed by multiparameter flow cytometry (MFC) were collected , and their bone marrow Wright's staining smears were
obtained. All bone marrow smears were automatically scanned and classified by Morphogo based on artificial intelligence platform. The
positive threshold of MRD of Al and cytomorphology in multiple myeloma was set as the proportion of plasma cells, which was greater
than 4.4%. The cases were divided into I 500 group, I 1000 group and 1 2000 group according to the number of Al automatically recog-
nized cells. The results of AI-MRD, morphological-MRD (M—=MRD) and MFC-MRD in each group were tested by Kappa consistency
test, and the sensitivity, specificity and accuracy of each group were calculated. Taking MFC-MRD and M-MRD results as the gold
standard, the receiver operating characteristic (ROC) curve of AI-MRD was drawn and its area under the curve (AUC) value was calcu-
lated. Results: After grouping, with the increase of the number of recognized cells, the Kappa value, sensitivity, specificity , accuracy
and AUC of AI-MRD vs. MFC-MRD and AI-MRD vs. M=MRD increased. The Kappa consistency test of AI-MRD vs. MFC-MRD in
I 2000 group showed that the Kappa value was 0.500 (P=0.013) , sensitivity was 71%, specificity was 80%, and accuracy was 75%.
The Kappa consistency test results of AI-MRD vs. M—MRD showed that the Kappa value was 0.667(P=0.001) , sensitivity was 100%,
specificity was 75% , and accuracy was 83%. When MFC-MRD
fEZE LR %] %12, Email :26656379@qq.com, results were taken as the diagnostic criteria, the AUC of AI-MRD

I 0 i IR in 12000 group was 0.800 (P=0.002, 95%CI1=0.588-0.934) , and
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Conclusion : The detection of MRD of multiple myeloma by Mor-

cstc2019jscx—gkshX0016) .
52 H4 BR : https://kns.cnki.net/kems/detail/50.1046.R.20220831.1155.038.htm! ~ Phogo has the characteristics of high accuracy , high speed and low
(2022-08-31) cost. In the follow—up development, it should be considered to de-
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velop technologies such as cell histochemical staining and cellular immunity , so as to improve the diagnostic accuracy of MRD of artifi-

cial intelligence multiple myeloma.
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