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The pursuit of personally optimized education holds great promise in unlocking the
potential for profound and efficient learning experiences. The recent digitization of
education has facilitated the accumulation of learning logs, which are utilized to
develop personalized learning systems. These logs are collected through wvarious
platforms such as massive open online courses (MOOCs), learning management
systems (LMS), and learning applications. By leveraging the collected logs,
personalized learning experiences can be created by recommending suitable learning

content based on each user's latent situation.

A fundamental technology that enables personalized learning is knowledge tracing
(KT). KT involves tracking learners' evolving skill states and predicting whether
learners can solve problems or not over time. Problems that are predicted to be barely
unsolvable can be recommended to learners, while the estimated skill levels can be
provided as feedback. KT models continuously update the skill state as learners solve
problems, enabling real-time feedback on their skill progression. This feedback 1is
crucial for learners to assess their current state and adjust their learning plans

accordingly.

Given the significance of KT in personalized learning, extensive research has been
devoted to this technology. The main streams of research in the advancement of KT are
(A) prediction accuracy, (B) explainability, and (C) task capability. (A) benefits users to
receive more suitable recommendations. (B) benefits users to recognize their latent
skill states correctly and understand why specific problems were recommended. It also
benefits model developers to build reliable systems by understanding the behavior of
the models correctly. (C) benefits users to trace their latent skills even when the binary
response cannot be obtained. Substantial progress has been made in these three

research streams.

In this thesis, we deal with two research targets. The first research target aims to
enhance the explainability of KT. Recent KT models using deep neural networks have
incorporated item response theory (IRT) for explainability. IRT is a probabilistic model

that estimates the difficulty of problems and the proficiency of learners. By integrating



IRT into KT, an event that a learner could or could not solve a problem can be explained
based on the estimated skill proficiency and problem difficulty. Multidimensional item
response theory (MIRT) is an extension of IRT to handle multiple skills and is divided
into compensatory models and non-compensatory models. Compensatory models
assume that each skill can complement other skills, and learners can thereby answer
questions correctly when the sum of the skills exceeds a threshold. In contrast, non-
compensatory models assume that each skill cannot complement other skills; thus, each
skill must independently exceed a threshold for learners to be able to answer questions
correctly. Furthermore, a model capable of representing both types exists for automatic

detection of skill relationships.

The assumption of non-compensatory models 1s convincing in many situations
associated with multiple skills. For example, understanding or solving an equation
such as 1/5 x + 3/10 = 2x requires both skills of fraction and equation; learners who
only have either one cannot solve this equation. A model employing deep neural
networks and non-compensatory MIRT has been proposed thus far; it enabled tracing
a quite complex skill change under the non-compensatory assumption. However, it has
the following disadvantages: (1) the changes in latent skills are not explainable, and
(2) extracting insight about skill growth from the fitted model is hard because the
latent skill transitions are modeled as deep neural networks. A model that can explain

the changes in latent skills under the non-compensatory assumption is demanded.

To address the need for explainable skill tracing under the non-compensatory
assumption, we propose a fully white-box probabilistic KT model that combines a linear
dynamical system with a non-compensatory model. Since the proposed model is fully
white-box, every parameter is interpretable and the result of skill tracing 1is
explainable through the fitted model. It can reproduce the changes in latent skills and
model parameters. Moreover, our model employs a linear model for latent skill
transitions, allowing data analysts to understand which factors influence skill
transitions by examining the coefficients. Introducing the non-compensatory emission
function in the linear dynamical system results in a complicated posterior of the latent
skills; therefore, we approximate it with a Gaussian distribution by minimizing the
Kullback—Leibler (KL) divergence between the approximated posterior and the true
posterior. The estimation method for the model parameters is derived through the
Monte Carlo Expectation Maximization (EM) algorithm. Simulation studies verify that
the proposed model can reproduce latent skills adequately. Experiments conducted on
a real dataset demonstrate that our dynamical non-compensatory model can effectively
infer explainable skill tracing, highlighting that the results of skill tracing exhibit
diagnostic property.



The second research target aims to further investigate the non-compensatory model.
In MIRT, data analysts choose between compensatory and non-compensatory models
based on their assumptions. Because compensatory models are more widely known than
non-compensatory models, those who are not familiar with the types of models may
incorrectly choose compensatory models without recognizing the differences in the
outcomes. This can lead to situations where a non-compensatory model is misspecified

as a compensatory model.

A previous study investigated this misspecified situation and revealed that a higher
skill is largely underestimated when the other skill is low. Although experimental
evidence demonstrated this underestimation, the underlying mechanism has not been
fully elucidated. It remains unclear whether underestimation occurs beyond the areas
indicated in the previous study and if overestimation occurs as well. A theoretical
approach is necessary to comprehensively understand the difference between the
estimated skills and the true skills. In addition to that, the variance of the estimated
parameters is another concern for data analysts. When a model is not misspecified, it
is known that maximum likelihood estimation is asymptotically distributed with the
variance being the inverse of Fisher information. However, when the model 1is
misspecified, the asymptotic variance follows a different formula. If it is larger or
smaller than the inverse of Fisher information, data analysts need to be aware of model

misspecification when evaluating the variance of the estimated parameters.

In the second research target, we have two goals regarding this model misspecification.
The first goal is to provide a comprehensive understanding of the underestimation and
overestimation of skills using a theoretical approach. We approximate the direction
from the true skills to the estimated skills using the gradient of the objective function
of the compensatory model. By interpreting the gradient, we clarify the mechanism
through which the difference between the estimated skill and the true skill arises. In
addition to the underestimation previously identified in the literature, we newly
discover that overestimation of skills occurs around the origin based on this mechanism.
The second goal is to investigate the extent to which the asymptotic variance differs
when model misspecification is considered versus when it is not considered. We derive
the asymptotic variance by applying the result of White (1982) to our misspecified case.
Simulation studies demonstrate that the asymptotic variance is quite close to the
inverse of Fisher information. Therefore, it turns out that underestimation or
overestimation of the variance cannot be a critical issue in the assumed misspecified

situation.
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