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nowadays for early-stage screening and accurate diagnosis of autism spectrum disorder. However, due to the
limitation of large data noise and small data volume, the predictive accuracy of structural magnetic resonance
imaging based autism classification is not ideal. In this study, a new data augmentation model is proposed to
improve classification accuracy without increasing training data volume. The University of Michigan sample
1 dataset of autism brain imaging data exchange I for autism study was used for training and evaluating
the proposed model. 78 samples of the University of Michigan sample 1 dataset was selected randomly for
performing the experiment, and the performance improved using proposed data augmentation algorithm
for autism spectrum disorder classification task was calculated. Such a procedure was repeated for 500
times to collect results that are statistically significant. Based on the results, this method can stably improve
classification accuracy between 10% and 20% in 494 out of 500 experiments (over 98% of the experiments).
Through a comparative study of accuracy improvement and label change ratio, the problem of data label noise
was explored.
Keywords autism spectrum disorder; structural magnetic resonance imaging; data augmentation;
classification accuracy
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Fig. 1 Data augmentation process and goals to optimize
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Fig. 2 Data augmentation framework used for generation of new annotations that can improve the accuracy of classification
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Table 1 Pseudocode of data augmentation algorithm

I DR
N RBARHE X, JRIRRRE Y

Wt BHERRES =0, FNREELES V=2
ST R Prior; AR : Agent; FEALARAK : RF I ZRACER LT [ 45
PR
for i=1 to 500 do
1E X ERENLURFESRAT Xiy A RLIIARVELLR Vs
for j=1 to 1000 do

Z1="Prior(X));
BT Prior WA BHL, WD 205 Y HIERE;
end
JRUE 7 RAEF R Sori=RF10(X3,Y3)
BIRALHT 73> FAEHZE Snew =0
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for k=1 to 100 do
Z>,= Agent(X));
TN AR 2 45 R Z SRAF B bR Y
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end
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