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Abstract

Recommender system can filter some useless information and can predict whether the users love
given resources. Content-based recommendation and collaborative filtering recommendation algo-
rithm is the main personalized recommendation method. However, with the continuous increase of
user projects, there are sparse, cold start and other issues in the user-project scoring matrix. In re-
sponse to this problem, we propose a unique cascade hybrid recommendation method that uses
rating data, demographic data, and feature data to calculate the similarity between projects. Expe-
riments show that our method is superior to the traditional recommendation system algorithm.
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Figure 1. Determining the optimal value of neighbourhood size
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Table 2. A sample of parameter set with k = 20
2. k=20 WEHEHK

BHES a B y MAE (ML) MAE (FT)
1 0.1 0.1 0.8 0.738 1.382
29 0.5 0.3 0.2 0.732 1.379
35 0.7 0.2 0.1 0.739 1.374
36 0.8 0.1 0.1 0.742 1.379
Table 3. A comparison of the proposed algorithm
3 SMEEMAK, BE, BEELER
Algorithm Online Cost MAE (ML) MAE (FT) ROC (ML) ROC (FT) Coverage (ML)  Coverage (FT)
Userbased NMm? 0.792 1.442 0.402 0.643 99.42 96.61
Itembased N2 0.791 1441 0.384 0.623 99.22 92.31
Boostedrpr N2 0.725 1.363 0.563 0.755 100 99.19
NaiveBayes M (NP) 0.833 1472 0.623 0.835 100 99.99
Naivehybrid NM? + M 0.822 1.462 0.525 0.725 100 99.99
Personality NM 0.785 1.433 0521 0.735 99.14 94.23
diagnosis
Table 4. Performance evaluation under new item cold-start problem
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Hik
(ML) (FT) (ML) (FT) (ML) (FT)
User-based CF 1.64 2.66 1.23 2.24 0.95 1.94
Item-based CF 1.36 2.55 1.19 2.15 0.91 1.58
Boostedrpr 0.98 1.61 0.84 1.58 0.82 1.45
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Figure 2. MAE of the proposed algorithm with others, against
various neighbourhood sizes
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Figure 3. Performance of algorithms under different sparsity levels
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