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Abstract

With the increase in the number of the international classification of diseases (ICD) codes, the difficulty and cost of manual
coding based on clinical records have greatly increased, and automatic ICD coding technology has attracted widespread
attention. A multi-scale residual graph convolution network automatic ICD coding technology was proposed. This
technology uses a multi-scale residual network to capture text patterns of different lengths of clinical text and extracts
the hierarchical relationship between labels based on the graph convolutional neural network to enhance the ability of
automatic coding. The experimental results on the real medical data set MIMIC-III show that the P@k and Micro-F1 of this

method are 72.2% and 53.9%, respectively, which significantly improves the prediction performance.
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P@k F1 AUC
H
8 Micro Macro Micro Macro
w/0o—MSRes  71.7% 53.2% 7.5% 98.1% 87.5%
w/0—GCN 72.0% 53.8% 6.9% 98.0% 87.4%
MSResGCN  72.2% 53.9% 7.6% 98.3% 87.7%
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Parallel optimization of variation detection
algorithms for large-scale genome data

CUI Yingbo', HUANG Chun', TANG Tao', YANG Canqun', LIAO Xiangke', PENG Shaoliang®
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Abstract

Sequence alignment and mutation detection are the basic steps of genomic data analysis. They are the premise of
subsequent functional analysis, and the most time-consuming steps. In order to effectively deal with the massive genomic
big data brought by high-throughput sequencing technology, MPI, OpenMP and other technologies to perform multi-level
parallel optimization of sequence alignment algorithm and SNP detection algorithm were used. By testing on different data
sets and parallel scales, the core algorithm reached more than 9x speedup, and the parallel efficiency remained above 60%
in large-scale test. The improved algorithms obtain good parallel performance and scalability, that effectively improves the

ability of genomic big data mutation detection.
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sequence alignment, SNP, OpenMP, MPI
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