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Abstract: This was the first time to use HPLC to detect the contents of huperzine A( HupA) in the whole plant and
different organs of Huperzia serrata from Mount Lushan and Mount Jinggang in Jiangxi Province at different seasons.

The results showed that the whole plant content of HupA collected from Mount Lushan and Mount Jinggang in-
creased with season changed and reached the maximum in December which reached to 211.9 pg * ¢! and
325.9 ug * g . The content of HupA in different organs collected from two sample sites were various. Stem and
leaf contained more HupA while only a little HupA was detected in root. The results showed the temporal and spa—
tial dynamic change rule of HupA in H. serrata and may provided scientific reference for the reasonable use of rare
plant resources.

Key words: Huperzia serrata; huperzine A; content detection; temporal and spatial variation
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The Outlier Detection Method and Its Improvement in the Eea of Big Data
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Abstract: The paper compared and analyzed major outlier detection method and their features and merit and demerit
were summarized. In addition in view of the large amount of data and high dimension of the big data improvement
strategies of outlier detection method were analyzed. Improvement strategies of outlier detection were further illustra—

ted by T-ODCD and AROD algorithms.

Key words: big data; outlier detection method; improvement strategies



