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ABSTRACT

Recently, deep learning has been rapidly spreading as an innovative machine learning technique
in various domains. This study explored the research trends of deep learning via modified ego centered
topic citation analysis. To do that, a few seed documents were selected from among the retrieved documents
with the keyword ‘deep learning from Web of Science, and the related documents were obtained through
citation relations. Those papers citing seed documents were set as ego documents reflecting current
research in the field of deep learning. Preliminary studies cited frequently in the ego documents were
set as the citation identity documents that represents the specific themes in the field of deep learning.
For ego documents which are the result of current research activities, some quantitative analysis methods
including co-authorship network analysis were performed to identify major countries and research
institutes. For the citation identity documents, co-citation analysis was conducted, and key literatures
and key research themes were identified by investigating the citation image keywords, which are major
keywords those citing the citation identity document clusters. Finally, we proposed and measured the
citation growth index which reflects the growth trend of the citation influence on a specific topic, and
showed the changes in the leading research themes in the field of deep learning.
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Learning by teaching: A new agent paradigm for educational software
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JE XAk Teachable Agents Grp Vanderbilt
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This paper discusses Belty's Brain, a teachable agent in the domain of river ecosystems that combines leaming by teaching with self-

regulation mentoring to promote deep leaming and understanding. Two studies demonstrate the effectiveness of this system. The first study

focused on components that define student-teacher interactions in the leaming by teaching task. The second study examined the value of

adding meta-cognitive strategies that govemed Betty's behavior and self-regulation hints provided by a mentor agent. The study compared

three versions: a system where the student was tutored by a pedagogical agent, a leaming by teaching system, where students taught a

baseline version of Betty, and received tutoring help from the mentor, and a leaming by teaching system, where Betty was enhanced to include

self-regulation strategies, and the mentor provided help on domain material on how to become better leamers and better teachers. Results

indicate that the addition of the self-regulated Betty and the self-regulation mentor better prepared students to learn new concepts later, even

when they no longer had access to the SRL environment
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