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Abstract Interpretability can enhance users’ trust in the recommendation systems, and improve the persuasion and
transparency of the latter. So far, many efforts have been devoted to achieve recommendation interpretability. The rich
information provided in user reviews can reflect user’s preference and consumption experience, as well as the correspond-
ing item’s features. Hence, recent deep review-based recommendation systems capitalize reviews for accurate and inter-
pretable recommendation and have advanced this purpose significantly. The built-in attention module devised in these
deep review-based recommendation systems models can identify semantic units (e.g., words, aspects, or individual re-
views) from the corresponding reviews, which also facilitate the interpretability of the recommendation systems. However,
interpretability is typically taken as an auxiliary evaluation subtask in some works, where examples are used as case stud-
ies for some qualitative comparison to show that the recommendation system is interpretable. Right now, there is no com-
prehensive evaluation towards how good the interpretability delivered by these review-based recommendation systems are.
In this paper, according to the different calculation methods of attention weight, we first summarize existing deep re-
view-based recommendation systems into three categories: attention-based recommendation system, interaction-based
recommendation system, and aspect-based recommendation system. Then, we perform a human evaluation based on the
built-in attention mechanism of five state-of-the-art deep review-based recommendation systems across three real-world
datasets, covering all three categories for interpretability evaluation. The annotation results suggest that the interpretability
of different deep review-based recommendation systems is different, but the current deep review-based recommendation
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systems can successfully uncover more than half of user’s preference for the target item with higher chance. We also note
that there is no absolute winner in discovering user preference from all cases, among the five recommendation systems
evaluated. That is, the models are complementary to each other in terms of recommendation interpretability. Through fur-
ther data analysis, it is found that a higher recommendation accuracy often indicates that the highlighted information in the
reviews is indeed relevant to the user’s preferences or item’s features. It shows that the built-in attention mechanism of the
recommendation systems can not only enhance the interpretability, but also improve the prediction accuracy. Moreover, we
found that compared with long reviews, recommendation systems are easier to capture the feature information in shorter
reviews; and recommendation systems with high interpretability scores are more likely to give adjectives a higher weight.
Overall, this work sheds some light on further research towards the development of interpretability evaluation and better

review-based recommendation system solutions.

Key words recommendation systems; attention mechanism; interpretability; user reviews; deep learning
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Figure 2 Attention-based recommendation system
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Figure 3 Aspect-based recommendation system
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Table 2 The performance of the recommendation system on randomly selected datasets
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MPCN 0.59 0.62 0.64 0.64 1.15 0.82
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Figure 5 Visualization with an item review snippet
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Table 3 Pearson’s correlation coefficient of the annotation results of two annotators in the same group (G1 and G2
respectively represent the two annotation groups)
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Table 4 The interpretability performance for recommendation systems (The best is in boldface and second best

underlined)

W RS Musical Instruments Office Products Yelp 16-17 W
ANR 3.03 3.00 2.98 3.00
CARL 3.05 3.39 3.20 3.21
CARP 2.67 2.76 2.84 2.75
MPCN 2.68 2.84 2.80 2.77
NARRE 3.06 3.01 2.66 291
HI{E 2.90 3.00 2.89 2.93
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Table 5 Kruskal-Wallis test significance for different
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Table 6 Pearson’s correlation coefficient between interpretability score and absolute error

EAEITE S ANR CARL CARP MPCN NARRE
Musical ~0.34 034 ~030 035 033
Instruments
Office 036 ~0.44 ~0.38 ~0.30 ~0.32
Products
Yelp
~036 ~0.41 ~0.36 ~0.26 ~0.29
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Figure 9 The part of speech distribution of Music
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