Sl BDAA USTC 227 AN AN
H ' . 3 1 /l.\ . ..'.
Avhuil Province Key Laboratory =) - A‘A’A’J

E'—IF Yoy Of Big Data Analysis and Application \ i/ MONTREAL

| Iltem Response Ranking for Cognitive Diagnosis

Shiwei Tong?!, Qi Liut”", Runlong Yu!, Wei Huang!, Zhenya Huang!, Zachary A. Pardos?, Weijie Jiang?
LAnhui Province Key Laboratory of Big Data Analysis and Application, School of Computer Science and Technology & School of Data Science,
University of Science and Technology of China, {tongsw,yrunl,ustc0411}@mail.ustc.edu.cn, {qiliugl, huangzhy}@ustc.edu.cn,
2University of California, Berkeley, {pardos, jiangwj}@berkeley.edu

Introduction Problem Statement Experiments

Cognitive diagnosis, a fundamental task in education area, aims at providing an approach to
reveal the proficiency level of students on knowledge concepts. Actually, monotonicity is one
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Figure 3: Results of knowledge proficiency estimation. Table 2: Experimental results on student performance prediction.
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