3655 1H Ak X F F R (B A HF R Vol.36,No. 1
20154 1 A Journal of Northeastern University ( Natural Science) Jan. 2015

doi: 10.3969/j. issn. 1005 —3026.2015.01. 005

—MHEREFEXRAHNBENRET IR

F 4, HFeg, RRH, s’

(L ZRAbREE BAgfg O T A B i SR, 07 PLPH 1108195 2. IR AT Ay SR AAL 2 PRI AUEAT Bl R, T BT 450000

3. RPSERBMARAF, 7 WH  110179)

¥ B EXF T T RIS W SCAR [R) SRR B R 44 AR E A ), B T — b B & R Y SCAR RSy
e BRI T R i B AR A A SO B d B 5 SRS SR R 3 T AL A 1 SCAR SR 2R AR SE LR
AR AR R A s 2B B RS T3 FAE X DA A R IR VA S B T i i 44 19
FrRUEAL , RIS SRR AT A IO, 2088 T R 2SR v k. 25 SR 0, ik 7 1 LA B s i o
R R ISR, T i SCAR I TAL B A2 A i p B T2 33

X B R RESU AR R RSP AI R DT AU A A

mESHES, TP 391 kAR ERD: A TEHS: 1005 -3026(2015)01 —0019 - 05

An Adaptive Clustering Method on Medical Short Text
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Abstract; An adaptive clustering method on short text was presented for synonyms text
recognition and disease naming standardization of diagnosis in electronic medical record. Firstly, a
new set based text similarity measure algorithm was proposed. Then, a similarity distribution
based text clustering algorithm which could automatically determine the number of clusters was
applied to recognize the synonymous disease texts. Finally, the disease naming texts were
standardized by the central concept extraction algorithm based on frequent sequence pattern, while
clusters were merged and optimized to further improve the clustering accuracy. The results showed
that the proposed approach has a high accuracy and clustering efficiency which is of great
significance for medical application such as medical text preprocessing, classification and analysis.
Key words; clustering analysis; similarity measurement; frequent sequence pattern; electronic
medical record; similarity distribution
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Table 1 The comparison of different similarity
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Table 3 Testing results of ACT algorithm
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