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Table 2 Interval symbolic data of the cars sample
0 - 100
/ Ihp /s Jkm + h~! fmm fmm fmm

911 129 191.3 | 325 517 | 4.25.8 275 310 | 4427 4491 | 1770 1852 | 1275 1310
SL 119.8 256.8 | 231 525 | 4.6 7.8 250 250 | 4535 4605 | 1815 1835 | 1298 1303
74 57.8 92.8 | 184 340 | 4.8 7.3 232250 | 4239 4244 | 1790 1790 | 1284 1291
3 58 79.8 152 306 | 5.7 10.9 214 250 | 4580 4612 | 1782 1782 | 1384 1384
T 50.9 70.8 | 200 272 | 5.2 6.4 237 250 | 4178 4198 | 1842 1842 | 1345 1358
3 49.1 69.8 | 152306 | 5.4 9.7 218 250 | 4580 4612 | 1782 1782 | 1395 1395
Cayman 72.8 114.8 | 245 331 4.9 7 253 285 | 4341 4347 | 1801 1801 | 1304 1305
Boxster 68.8 106 | 245 320 57 251 274 | 4329 4342 | 1801 1801 | 1292 1231
11.28 16.28 | 105 131 | 9.8 12.8 174 200 | 4608 4608 | 1743 1743 | 1465 1465
13.28 18.58 | 101 161 | 8.8 16 180 220 | 4544 4544 | 1760 1760 | 1461 1464
GT 13.77 18.97 | 121 184 | 9 13.2 180 220 | 4671 4671 | 1815 1815 | 1478 1478
12.34 18.05 | 105 161 | 7.9 14 176 213 | 4569 4572 | 1769 1769 | 1462 1462
19.28 43.98 | 131 250 | 6.9 14.5 193 250 | 4765 4865 | 1820 1820 | 1472 1475
cs 17.69 40.38 | 140 220 | 8.6 10.9 200 230 | 4745 4805 | 1780 1860 | 1458 1476
10.89 15.99 | 117 184 | 8.7 13.9 180 225 | 4598 4598 | 1797 1797 | 1477 1477
A6L 35.585.33 | 170 350 | 6.4 9.3 220 265 | 5012 5035 | 1855 1855 | 1485 1485
5 41.26 79.76 | 156 320 | 6.2 11.8 210 250 | 4981 5039 | 1846 1860 | 1471 1477
E 46.5 71 184 245 | 8.5 9.1 230 245 | 5012 5012 | 1855 1855 | 1464 1466
73.45 241.2 | 241 450 | 6.1 9.7 239 250 | 5175 5175 | 1903 1903 | 1450 1450
G 38.8 73.41 | 235351 | 5.6 8.9 210 249 | 4653 4780 | 1773 1852 | 1394 1455
7 80.8 329.8 | 259 544 | 4.6 7.8 245250 | 5179 5212 | 1902 1902 | 1484 1478
S 93 259.8 | 231517 | 4.6 8.3 244 250 | 5206 5230 | 1871 1871 | 1473 1485
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Table 3 The comparison of precision of the two methods
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K-means clustering of generally distributed interval symbolic data

GUO Jun-peng CHEN Ying LI Wen-hua
College of Management and Economics Tianjin University Tianjin 300072 China

Abstract: The existed clustering methods of interval data mostly supposed that the data are uniformly distribu—
ted across the interval. However this is not always practical. Taking this into account this paper aims to re—
search the k-means clustering method of interval data with a general distribution. The definition of generally
distributed interval data is proposed and descriptive statistics was researched based on empirical distribution
theory. On the basis of Hausdorff distance the paper puts forward a new distance for interval data which con—
siders the point data contained in the intervals. Based on this we present a algorithm of k-means clustering of
generally distributed interval symbolic data. A simulation experiment is conducted to evaluate the validity of
our method. The results show that compared with analysis methods of uniform interval symbolic data the a—
nalysis methods of generally distributed interval symbolic data are more effective under all the conditions de—
signed in our experiment. Finally the method is illustrated by an example of real-case data which shows the
advantages of our method in the practical application.

Key words: interval symbolic data; general distribution; symbolic data analysis; clustering analysis



