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1000 ( 10 )
a b c
1 8 3 4 28 1.464286 1.648441 0.102804
2 8 5 5 21 1.710872 2.175716 0.258096
3 4 5 6 21 2.889025 -0.815888 0.204974
4 8 1 4 34 1.455964 0.736180 0.229564
5 3 2 5 45 2.096159 2.916559 0.282193
6 3 4 6 27 1.974521 -2.361782 0.299883
7 7 1 4 23 1.026650 1.793306 0.156896
8 1 2 3 29 2.886856 2.878976 0.180275
9 3 1 1 40 1.702161 -0.523399 0.242546
10 4 4 2 25 2.083390 -2.515712 0.191594
1 6
2 7
3 8
4 9
5 10
1 4
2 5
3
1 4
2 5
3 6
a
b
a b c
0.8~3.0 -3.0~+3.0 0.1~0.3 1~10 1-5 1~6 20~50
1.916 -0.013 0.201 5.396 2.989 3.515 34.854
0.627 1.740 0.059 2.893 1.381 1.675 8.909
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Item length(number of words in the item)(Length)

Test length(total number of itemsin the test, Item Number)
Test information function(T1F)

Number of overlapped items(Overlapped)

Limits on number of items used(Exposure Rate)

Mutually exclusive/dependent items(Dependence)

Number of items per topic(Topic)

Number of items used skill(Skill)

Number of items per content category(Content)

Number of items per cognitive level (Level)

( van der Linden & Reese, 1998)

(1000 )
RG LP SGA Deb
0.000883 1508440 0.021207 0.002153
0.000873 2.551810 0.030765 0.003151
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0.000645 1.508440 0.009575 0.001338
0.000770 2.551810 0.017542 0.002398
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% --- 99.965147 94.781387 62.122591
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