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Learning Assessment

Continuous Learning Assessment (50% weightage)
Bloom’s Level CLA-1(10%) CLA-2(10%) CLA -3 (20%) CLA -4 (10%)
of Thinking Theory Practice Theory Practice Theory Practice Theory Practice
Remember o 0 o 0
Level 1 Understand 40% 40% - 40% 40%
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(50% weightage)
Theory Practice

40%
40%

20%
100 %
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