DOI:10. 7544/issn1000-1239. 2019. 20180366
Journal of Computer Research and Development 56(5): 1007-1019, 2019

( 230027)

(tongw(@mail. neea. edu. cn)

Data Driven Prediction for the Difficulty of Mathematical Items

Tong Wei, Wang Fei, Liu Qi, and Chen Enhong
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Abstract The construction of item banking system is an important guarantee for the reform and
development of educational examination, and meanwhile, is also an essential means to promote the
modernization of examination. In such a system, item difficulty is one of the most important
parameters, which has a direct influence on item designing, test paper organization, result report and
even the fairness guarantee. Unfortunately, due to the unique education background and test
characteristics in China, it is difficult to evaluate item difficulty through pre-test organization like
some foreign countries. Thus, traditional efforts usually refer to the manual evaluation by expertise
(e. g. . experienced teachers). However, this way tends to be laborious, time-consuming and
subjective in some way. Therefore, it is of great value to automatically judge the difficulty of items by
information technology. Along this line, in this paper, we aim to propose a data-driven solution to
predict the item difficulty in mathematics leveraged by the historical test logs and the corresponding
item materials. Specifically, we propose a C-MIDP model and a R-MIDP model, which are based on
CNN and RNN respectively, and further a hybrid H-MIDP model combined with both C-MIDP and R-
MIDP. In the models, we directly learn item sematic representation from its text and train its
difficulty with the statistic score rates among tests, where the whole modeling do not need any
expertise, such as knowledge labeling. Then, we adopt a context-dependent training strategy
considering the incomparability between different groups. Finally, with the trained models, we can
predict each item difficulty only with its text input. Extensive experiments on a real-world dataset

demonstrate that the proposed models perform very well.
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Table 2 Example of Mathematical Item

, 1, 2
’ context
s . 3
D) . C-MIDP,R-MIDP, H-MIDP 3
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3) . context ,

2
Attribute Value
Item ID(Q;)  00004b28-4a67-4a51
Question asbsc NABC A,B,C
at=bc, JA .
Solution %
Analysis  AABC . cosA=" +2‘;:“2 > 2”‘2'}:_”“ =1
A T
Table 3 Example of Answer Log
3
Attribute Value
Paper 1D f£3110a0-fd51-4dfd-a6c7
School 1D 2300000001000002
Test Date 2017-1-17
Student 1D 4444000020013967
Item ID a8da5256-fe26-451b
Full Score 12
Get Score 10
1. Q
T, Q .T
s
s
4
Table 4 Related Symbols and Explanations
4
Symbol Explanation
Q Set of all items
Qi Ttem ¢
R: Average score of item i
P; Predicted difficulty of item ¢
T Set of all mathematical tests
T, Mathematical test i
Qi Item set in T;
@,] Item j in T;
R; Set of average scores in T;
ﬁ,‘j Average score of item j in T,
X, Feature of item ¢
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Table 5 Statistical Analysis of Data Set Feature Length
5 Fig. 3 Distribution of item feature length
Attribute Value 3
Amount of Schools 1314 s
Amount of Tests 5185 4 .
Average Amount of Items per Test 18.33 ,
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Fig. 4 Scoring rates of 6 schools in a final exam
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Fig. 5 Experiment results of three models
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Fig. 8 Comparison between score rates predicted by 3 models and ground truth on a test paper
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Table 6 Metrics Values of Models in Case Study '
. s
Model pPCC DOA RMSE
C-MIDP 0.766 0.788 0.171 y
R-MIDP 0.627 0.723 0.179 ., Attention .
H-MIDP 0.797 0.823 0.136 Memory y
context s
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