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ABSTRACT

Explainable recommendation, which provides an explanation about why a quiz is recommended, helps 
to improve transparency, persuasiveness, and trustworthiness. However, little research examined the 
effectiveness of the explainable recommender, especially on academic performance. To survey its 
effectiveness, the authors evaluate the math academic performance among middle school students 
(n=115) by giving pre- and post-test questions based evaluation techniques. During the pre- and 
post-test periods, students were encouraged to use the Bayesian Knowledge Tracing model based 
explainable recommendation system. To evaluate how well the students were able to do what they 
could not do, the authors defined growth rate and found recommended quiz clicked counts had a 
positive effect on the total number of solved quizzes (R=0.343, P=0.005) and growth rate (R=0.297, 
P=0.017) despite no correlation between the total number of solved quizzes and growth rate. The 
results suggest that the use of an explainable recommendation system that learns efficiently will 
enable students to do what they could not do before.
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INTRoDUCTIoN

Artificial intelligence (AI) in education has enabled the development of e-learning systems that simulate 
students’ knowledge and experience to provide personalized support to students (Nwana, 1990; Self, 
1974; Wenger, 2014). AI-supported e-learning refers to the use of AI techniques (e.g., fuzzy logic, 
decision tree, Bayesian networks, neural networks, genetic algorithms, and hidden Markov models) 
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in e-learning (i.e., using computer and network technologies for learning or training) (Colchester et 
al., 2017). A recent meta-review by Kaudi et al. (2021) reported that that the most identified AI-
supported e-learning systems were adaptive learning systems and the second most identified kind of 
AI-enabled learning systems were intelligent tutoring systems, with the recommendation system being 
the least reported. Some of the recommender systems for personalized learning adopted collaborative 
filtering (Chen & Cui, 2020; Wind et al., 2018), content-based filtering (Kandakatla & Bandi, n.d.; 
Lops et al., 2011), and knowledge-based filtering (Haddad & Naser, 2017; Samin & Azim, 2019). 
These methods are commonly used in recommendation systems, but it is difficult to describe them 
as AI-supported learning systems since they do not employ Bayesian networks or neural networks. 
Therefore AI-supported recommendation systems in the educational field have not been well studied.

On the other hand, when we shift our focus to our daily lives, it is clear that recommender systems 
are everywhere, and AI is being used here as well. For example, Amazon recommends products with 
collaborative filtering (Smith & Linden, 2017), and Netflix recommends movies using deep learning 
(Amatriain & Basilico, 2015). In the e-commerce research field of recommendation, explainable 
recommendations, which provide explanations about why an item is recommended, have received 
much attention for improving transparency, persuasiveness, and trustworthiness (Zhang & Chen, 2020). 
Based on these studies, also in education, it is supposed that explanations from a learning system could 
provide additional benefits for students. Previous research on intelligent tutoring systems has shown 
that student motivation in system-based self-regulated learning can be improved by prompting and 
feedback mechanisms, leading to higher achievement (Duffy & Azevedo, 2015). Further, eXplainable 
AI (XAI) has begun to attract attention in the field of education for emerging concerns about Fairness, 
Accountability, Transparency, and Ethics (Khosravi et al., 2022). Explanations interpreting the 
decision-making process of AI are very important for teachers because they must be accountable to 
students, parents, or governments. Teachers need to know why such feedback was given by the AI, 
and interpreting why it was given may help teachers improve their teaching skills.

Some explainable recommendation research has been carried out in the field of education: 
Wikipedia recommendation in learning textbooks (Rahdari et al., 2020), recommendation in 
programming classes (Barria-Pineda et al., 2021) (both for higher education), and cognitive training 
for primary or secondary school children (Tsiakas et al., 2020). Various methods of explaining 
recommendations have been proposed using two different approaches: model-intrinsic and post-hoc 
approach. In model-intrinsic, rule-based (Conati et al., 2021), keyword-based (Yu et al., 2021), and 
concept-based (Dai et al., 2022) were proposed to generate explanations. Takami et al. (2021, 2022) 
proposed methods to generate explanations from the parameters in a learners’ knowledge tracing 
model. Barria-Pineda et al. (2021) adapted a post-hoc approach and combined a concept-based model.

Although various forms of explainable recommenders have been proposed, it is under-explored 
how effective the explanations of recommended quizzes are, especially on academic performance in 
a practical school learning environment. Recently, we developed an explanation generator using the 
parameters from Bayesian knowledge tracing (BKT) models (Takami et al., 2021). In this explanation 
generator, recommended quizzes were categorized into different feature types according to the values 
of the model parameters and explanation texts (i.e., “You’re not getting the basic skills. Let’s go over 
the basics with this quiz!” or “Watch out for careless mistakes!”, etc.) are generated based on these 
feature types (more details are explored in further sections as well as the Appendix). We reported that 
comparing the click counts of recommended quizzes with and without explanations of why the quizzes 
were recommended, the number of clicks was significantly higher for quizzes with explanations in 
high school mathematics learning (Takami et al., 2022). In the post-experiment student perception 
survey, the percentage of those convinced by recommended quizzes with explanation was higher than 
without explanation, and on the question of trust in the system, there were fewer negative answers 
in the explained recommender group than in the unexplained recommender group. These results 
indicated the importance of explanation for the recommender system in education. In this study, we 
used this educational explainable recommendation system to investigate the effects of explanation 
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