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Abstract : The multi-site disease diagnosis method can improve the accuracy of prediction by integrating the sample
information of different medical institutions into one server, which effectively solves the problem of small sample size in
the medical field. However,most of these approaches have two problems in the medical field which being the different
distribution of data in different medical institutions and the inability to protect patient privacy. Based on these,we design
a federal knowledge distillation algorithm for privacy protection in multi-site brain disease diagnosis. Firstly,a weighted
average algorithm based on batch standardization is designed on the server to help the federated model to extract the
distribution independent feature of each medical institution. Then,the framework of federated teacher model-local student
model is designed on the client,and local classifier is deployed. The distillation loss guarantee model is used to extract
localized features,and the classification loss is used to ensure the stable performance of the model. Experimental results
show that the proposed algorithm is superior to other existing algorithms in autism and schizophrenia datasets.

Key words :federated learning, knowledge distillation, brain disease diagnosis
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Fig. 1 The diagram of the FKDA method
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FREB 5 (2) TEMerE 5 (3) Tolf PRI WA Sk iR RI05. 36 1 o 173210 N D GE i A4k

®1 FREMAOGTHHEE

Table 1 Demographic characteristics of the participants

g X B g XJ B

i A
5 £/S 5 u 5 % 5 u
Leuven 21 4 24 8 NBH 6 15 10 14
USM 66 5 79 14 COBRE 42 11 46 21
UCLA 28 8 31 7 Nottingham 27 5 95 85
UM 43 5 56 9 Fudan 35 34 25 37
NYU 30 8 21 1 Xiangya 49 34 35 25
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Table 2 Ablation of the proposed method on ABIDE dataset

SRR SETAHER A
A AR Leuven NYU UCLA UM UsM
x x 57.67£15.57 66.99+8.95 61.07+21.23 57.52+13.22 66.67+23.33
x 61.67+13.67 71.21£8.93 66.07:13.97 63.71£12.93 73.33+20.00
x v 61.00+11.86 71.21£7.56 76.50+10.72 63.56+12.43 76.6717.00
v v 62.67+13.23 71.8426.11 75.54+10.72 65.388.93 78.33+15.00
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FedAve A B 2 9T, (B AR RSE M I EAE AR K. 7235 5 Leuven A1 NYU |, FedBN B35 (AR AR
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Table 3 Performance of four different methods in ASD identification on the multi-site ABIDE dataset

) HIZTIES
Jrik
Leuven NYU UCLA UM USM
FedAvg 57.67+15.57 66.99+8.95 61.07+21.23 57.52+13.22 66.67+23.33
FedBN 59.33+15.76 68.24+9.82 72.86+16.71 64.77+12.81 73.33+£19.44
FedProx 61.00+13.91 67.61+£6.42 70.18+10.13 62.95+11.78 70.00+£17.95
FKDA 62.67+13.23 71.84+6.11 75.54+10.72 65.38+8.93 78.33+15.00
R4 3IMAEREFSH T EERHS REHIRE LA1EaE
Table 4 Performance of three different methods in schizophrenia identification on the multi-site dataset
‘ e %
Jrik:
NBH COBRE Nottingham Fudan Xiangya
FedAvg 76.50+£22.47 73.33+14.43 63.21+£19.50 79.45+9.56 66.52+10.91
FedBN 77.78+20.30 70.83+12.05 65.09+20.52 77.86+9.81 67.33+9.65
FKDA 80.50+20.01 75.83+10.17 67.86+14.45 80.16+8.03 71.43£9.12
=3/
4 ghie
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