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Information extraction and its interactive system for large-scale mixed and
complex data
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Reduced k-means Partial Least Squares

Fuzzy c-means

For mixed measurement levels and complexity in data, we proposed methods to
extract the latent structures and features in the data, and to efficiently obtain the computational
results, using simultaneous estimation of information reduction and clustering and variable
selection. The methods enable us to deal with qualitative data in reduced k-means clustering and
partial least squares method, to select a reasonable subset in non-linear principal component
analysis, and to obtain the results quickly in non-linear principal component analysis, non-linear
factor analysis and fuzzy c-means clustering.
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Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10
1 -05673079 -0.5917914 -0.9254558 -0.3292346 -0.8241982 -0.9696602 -0.5327743 -0.8869627 -0.6672534 -1.0231223
2 -0.5873348 -0.5452766 -0.5644464 1.1231075 -0.7612506 -0.6520364 -0.0540313 -0.6835263 -0.8617743 -0.6093932
3 11546426 -0.3550446 0.1470265 -0.7938729 1.2848478 0.4110621 1.4205811 0.2788497 0.1974356 0.4631943
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1 -0.5520169 -0.6165673 -1.0627928 -0.2232932 -0.8503634 -0.9780857 -1.1744627 -0.9088254 -1.1741107 -1.2089955
2 -0.6023184 -0.5515667 -0.6026956 1.0927710 -0.8803839 -0.6356417 -0.4858100 -0.6807804 -0.4849876 -0.4129017
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score
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101 58 4740042 54.66702 5571080 1050958 333208 228011
102 35 5250543 50.80% 50.38544 1750543 -1589060  -1538544
103 33 5098628 5045163 49.70157 1208628 -1245163  -1170157
104 52 4908280 503378 5191628 201711 166220 008372
105 46 5016606 49.62298 4655041 -4.16606 -362298 -0.55941
106 55 5020145 5029768 48.90605 479855 470032 609895
107 43 4523465 47.0462 4419467 -2.23465 -4.20462 -1.19467
108 52 5338026 5105355 51.1809% -1.38026 0.94645 081904
100 45 4575614 4444456 4320048 -0.75614 055544 177052
110 52 5406716 47.93806 54.49698 -2.06716 406194 -2.49698
score 6512200665 A492.3322080 427.8024174
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Number of iteration CPU time
Stats c ve c c ve
Min. : 95 56 1.78 0.95
1st Qu. : 221.8 114.8 3.978 1.958
Median : 414.5 194 7.315 3.46
Mean : 842.3 541.1 15.255 9.399
3rd Qu. : 810.2 401.2 15.275 6.902
Max. : 8303 9296 157.35 160.02
[Speed Up] - 1.56 - 1.62
6 c %3 c
c ve c
Number of cluster  # of iteration cpu_time # of iteration cpu_time # of iteration cpu_time
k=3 51 0.2 40 0.16 1.28 1.25
k=4 232 1.24 111 0.58 2.09 214
k=5 706 4.65 327 214 2.16 217
k=6 1016 8.16 458 3.53 222 231
k=7 410 381 229 212 1.79 1.80
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Joint dimension reduction and clustering of continuous data
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Joint dimension reduction and clustering of continuous data
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