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この時間は

本研究センターは 2021-2024中期計画を策定し，今年度はその 2
年目となりました．研究センターの概要の紹介ならびに今年度の
事業を総括します．

2



ゴール

次のいずれかもしくは全て：

• (学生)研究センターの活動に参加したい
• (研究者)共同プロジェクト/研究を立案したい
• (企業)次期ラボラトリの検討に参画したい
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アウトライン

研究センターの概要

事業内容

計算科学とデータサイエンスの研究基盤の整備

ICTを活用した新たな教育モデルの研究の推進

大学院・コミュニティ・企業との共同研究の推進
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事業内容
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https://www.hosei.ac.jp/media/about/
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アウトライン

研究センターの概要

事業内容
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https://www.hosei.ac.jp/media/research/
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https://play.google.com/store/apps/details?id=com.hosei.myapplication
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2021-2024中期計画

前身となる計算センターからの伝統と，時代の要請に応じ本学に
貢献してきた実績を踏まえ，計算科学に加えデータサイエンスの
基盤を整備し，ICTを活用した新たな教育モデルの構築を目指す．

• 計算科学とデータサイエンスの研究基盤の整備
• ICTを活用した新たな教育モデルの研究の推進
• 大学院・コミュニティ・企業との共同研究の推進
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2021-2024中期計画の実行計画

• 計算科学とデータサイエンスの研究基盤の整備
• 研究基盤としてのハードウェアとソフトウェアの戦略的整備
• 研究基盤の利活用のためのヒューマンウェアの整備
• 研究成果のオープン化

• ICTを活用した新たな教育モデルの研究の推進
• 学びのモデル化に関する基礎的研究
• ICTを様々な分野に活用した教育実践

• 大学院・コミュニティ・企業との共同研究の推進
• 連携プロジェクトの実施
• 学会等研究コミュニティへの貢献
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計算科学とデータサイエンスの研究基盤の整備

ICTを活用した新たな教育モデルの研究の推進
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研究基盤としてのハードウェアとソフトウェアの戦略的整
備

• GPGPUサービス開始
• ライセンス利用状況の可
視化

• 数値計算・ディープラーニ
ング基盤の開発

• Physical Review採録

ラボラトリ (lab2022)
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研究基盤の利活用のためのヒューマンウェアの整備

GPGPUプログラミング手引き

OpenACCを⽤いた
GPGPUプログラミング技法

法政⼤学情報メディア教育研究センター 数納広哉

1

lab2022ドキュメントの充実
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研究成果のオープン化

• 研究報告の信頼性向上
• テンプレートの改善

• 研究報告編集委員会規程整備
• 情報メディア教育研究センターシン
ポジウム 2023開催
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学びのモデル化に関する基礎的研究

Active Learning
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Discovering the effects of learning analytics dashboard on students’ 
behavioral patterns using differential sequence mining 

Gökhan Akçapınara*, Mohammad Nehal Hasnineb 

aDepartment of Computer Education and Instructional Technology, Hacettepe University, 06800, Çankaya Ankara, Turkey 
bReseach Center for Computing and Multimedia Studies, Hosei University, 3-7-2 Kajinocho, Koganei city, Tokyo 184-8584, Japan  

Abstract 

Interventions based on learning analytics have a very important place in closing the learning analytics loop. However, data-driven 
studies that test the effects of learning analytics-based interventions on students' online learning behaviors are very limited. In this 
study, the effect of the student-facing learning analytics dashboard (LAD) on the learning behavior of students in the online learning 
environment was investigated by using the differential pattern mining method. In a completely remote course, the learning 
behaviors of the participants before the introduction of the dashboard were compared with the learning behaviors they exhibited 
after the dashboard was introduced. In this way, it has become possible to analyze the behavior changes after the dashboard 
intervention. Wilcoxon signed-rank test was used to test whether these behavioral changes were statistically significant or not. 
According to the Wilcoxon signed-rank test results, while there is no significant difference in terms of students’ assignment and 
quiz interactions, it is seen that there is a statistically significant increase in terms of students’ forum-related activities such as 
reading other students’ posts, starting a new discussion, and replying others’ posts. Students’ SCORM interactions (e.g, launch, 
complete) were also increased after engaging with the LAD. In addition, it was found that the overall interaction of students in the 
online learning environment increased by 57% when the LAD was used. 
 
© 2022 The Authors. Published by ELSEVIER B.V.  
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0) 
Peer-review under responsibility of the scientific committee of KES International 
Keywords: Learning analytics; intervention; dashboard; temporal learning analytics; differential sequence mining 
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ICTを様々な分野に活用した教育実践

Ubiquitous Learning

Exploring the Use of CLIP Model for Images Recommendation in  
Noun Memorization using Various Learning Context 

Mohammad Nehal Hasnine1), Thuy Thi Thu Tran1) and Hiroshi Ueda1)

1)  Research Center for Computing and Multimedia Studies, Hosei University,  

E-mail: {nehal.hasnine.79, thuy.tran.67,uep}@hosei.ac.jp

Abstract: CLIP (Contrastive Language–Image Pre-training) is a neural network capable of learning visual 

features from various still images with a wide variety of natural language supervision. This model's efficacy 

has not been explored much for vocabulary learning research, particularly how the CLIP model performs when 

images are searched for representing a noun coupled with/without a learner-described learning context. Hence, 

this paper developed a web-based system for noun learning that creates learning materials using the CLIP-model 

recommended images and translation data from translation API. The research aspect of this study explored- how 

the image ranking in the CLIP model varies when an image search operation happens for a noun supported with/

without a language learner-described learning context. This web application is for foreign language learners who 

wish to learn new nouns using learning materials.

Keywords: CLIP, Image Recommendation, Language Learning, Noun Learning, Vocabulary Learning

1. Introduction
Vocabulary plays an important role in foreign 

language learning as it is hard to communicate 
without significant vocabulary. For vocabulary 
memorization, various strategies have been explored 
in Computer-assisted Language Learning (CALL), 
Computer-assisted Vocabulary Learning (CAVL), 
Mobile-assisted Language Learning (MALL), Second 
Language Learning (SLA), and related research areas. 

Nouns are essential yet challenging to memorize. 
Generally, nouns are memorized by associating with 
images, although not all nouns create visual imagery 
in our brains. Teachers frequently use flashcards for 
applying memory strategies; specifically, recurring 
pictures can stimulate learners to store vocabularies 
in the brain's long-term memory.

Image recommendation research is trending and 
has already shown great promise in many areas such 
as e-government, e-business, e-commerce, e-shopping, 
e-library, e-learning, and e-tourism. However, finding 
appropriate images to represent nouns has yet been 
challenging in the context of foreign language learning.

One possible reason is that a learner's image 

selection may heavily depend on his/her cultural 
background. The second reason is that nouns are 
polysemous. The third reason is that nouns that refer 
to 'things' could be vague in terms of inanimate 
objects, abstract concepts, and activities. Therefore, 
it is challenging to recommend appropriate images 
representing a noun depending on a particular 
learning context.

This study implemented a web-based vocabulary 
learning system using the CLIP model. This system 
can create learning material for a noun that a learner 
wishes to learn. In creating a learning material, the 
system uses the CLIP model to rank and recommend 
images from the web so that the learner can select his/
her image.

2. Related Works
Previous studies in vocabulary learning introduced 

the idea of appropriate image recommendation [1], 
feature-based appropriate image recommendation [4],  
and image ranking [2] to find the best image for a 
language learner. In this line of research, we developed 
this new prototype using CLIP, a state-of-the-art deep-
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Emotion-aware LA
An Emotion-aware Learning Analytics Framework

for Online Education

Overview
MOEMO(Motion and Emotion) is an emotion-aware learning analytics framework where
emotion analysis meets learning analytics. It aims to analyze lecture videos to measure
studentsʼ engagement and concentration to improve online education. This framework
detects studentsʼ academic emotions by analyzing their facial features using deep
learning technologies. A teacher-facing learning analytics dashboard is built to assist
teachers in understanding the studentsʼ learning behaviours.
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Analytics

Dashboard
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MOEMO
Analytics Engine
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Overview of the framework

MOEMO Analytics System

Extracting 
features
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visualization
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System pipeline 

Methodology
v Concentration detection v Engagement measurement

v Distraction rate:

! ", $ = 0.15 − + " + $

Where
• " denotes the angle of line from eye point
• $ denotes length of line from eye point
• + " denotes the normalization operation for 

degree angle
• 0.15 denotes normalized value of 90o

Ø PnP algorithm constructs the eye gaze 
lines in 3D plane 

Ø Distraction rate is estimated based on 
the length and angle formed by the eye 
gaze lines

4501350
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if distraction_rate <= threshold:
status = focused

else: 
status = distracted

130o44o 130o 44o

focused distracted
• The longer the length, the farther the direction of view
• Range of looking at the screen between 450 and 1350

• Distraction rate is proportional to the length of the eye 
gaze line and the angle formed with the straight line in 
front

Dis-
engagement

LowMediumHighStrong

Ø Engagement levels

Ø Mapping method

v Impact Value for emotions of face 
expression belong to an engagement level:

ℑ/0∈23 4 =
1

∑678
9: ;< = >6 ∈ ?@ A

• B/ 23 4 denotes the total number of observed 
emotions and behaviors belong to ?@ A

• ?@ A A = 1− 4 are four levels of engagement 
• The final impact value is presented in the table 

below
Engagement Level Number of emotions/ 

Behaviors unit
Impact value

Strong engagement 2 0.33
High engagement 3 0.5

Medium engagement 3 0.5
Disengagement 2 0.33

Teacher-facing Dashboard

System Architecture

Case Study

Student Behavior Analysis

The MOEMO framework is explored for LMS-independent learning 
analytics research. The following case studies are conducted to 
improve online education:

1. Online lectures for Japanese language and cultural studies
2. Studentsʼ engagement detection in groupwork 
3. Engagement analysis in teaching using Zoomʼ breakout room
4. Peer work in programming language classes
5. Quality of question posing detection
6. Topic relevancy analysis using question posing data
7. Emotion-based grouping

Server configuration

v Flask + RESTful API
v GPU GTX2080 + GTX3090
v SQLite3
v OS Linux
v Multithreading
v Tensorflow

Main functions
v Extract multimodal features such as facial expressions, eye movement, 

voice and gestures
v Analysis data
v Real-time visualization of the result on the teacher-facing learning 

analytics dashboard(LAD)
v Send alerts to the educator if a student is distracted for long time
v Generates after-class report and sends to the educator
v Check student attendance

Technical system architecture
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Raw data
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Data processing Visualization generator

Measuring engagement level

and concentration level 

Engagement Measurement

Concentration Measurement
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plotly
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calculation

Eyegaze line 

• Mapping 1  
• Mapping 2
• Mapping 3

Visualize
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Request Response

Score (MisMS) for each engagement level. The MS and MisMS score
depended on our proposed affective model. Three cases have been
defined to detect matching. (1) Matching can be existing if emotion
found in the proposed affective model and compatible with the
engagement level. (2) Matching cannot be existing if emotion is not
compatible with the engagement level. (3) Matching can be as a
new emotion if volunteer felt about new emotion not found in the pro-
posed affective model. Furthermore, we compute Matching Score
(MS) of emotions that did get the match status. Also, we compute
the Miss-Matching Score (MisMS) of emotions that didn’t get the
match status (emotions belong to other engagement level MisMS1

or new emotion not covered in our model MisMS2). So, MS can be
denoted by Eq. (1), MisMS1 can be denoted by Eq. (2), and MisMS2

can be denoted by Eq. (3):

MSELðiÞ ¼
PNeðOÞ

k¼1 ek!ELðiÞ
NeðOÞ

$ 100 ð1Þ

MisMS1ELðiÞ ¼
PNeðOÞ

k¼1 ek R ELðiÞ
NeðOÞ

$ 100 ð2Þ

MisMS2ELðiÞ ¼
PNeðOÞ

k¼1 ek 9= EL5j¼1

NeðOÞ
$ 100 ð3Þ

We sum the number of emotions (ek½k ¼ 1 to Ne Oð Þ&) that got the
match status (ek!ELði)). Furthermore, may got miss status (not
belong to other engagement level) (ek R ELði) or new status
(ek 9= EL5j¼1). In second experiment, we propose a new process to
detect final engagement level in both sessions. The final engage-
ment level for each volunteer in both sessions is detected based
on video-based analysis. The final engagement level can be com-
puted based on Eqs. (4) and (5):
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Fig. 4. The proposed affective model.

Table 3
The task of each session for all volunteers.

Volunteer ID Session 1 Session 2

1 Playing League of Legends
Game

Shopping Online

2 Playing Crash Game Shopping Online
3, 8, 9, 13, 15, 16, 17,

18, 20, 22, 23, 24,
27

Playing Brain stimulation
games and IQ test (Shoalah
Game)

Watching Video Clip
about Scientific
Miracle

4, 10, 14 Playing Dancing Line Game Watching Video Clip
about Football Match

5 Playing Dancing Line Game Watching Video Clip
about Scientific
Miracle

6 Playing Number Link Game Watching Video Clip
about Scientific
Miracle

7, 12, 19, 28, 30 Playing Shoalah Game Watching Video Clip
about Football Match

11 Playing Peak Game Watching Video Clip
about Makeup
Tutorial

21 Watching Video Clip about
Football Match

Watching Video Clip
about Cooking

25 Watching Video Clip about
Scientific Miracle

Playing Shoalah
Game

26 Playing Peak Game Watching Video Clip
about Football Match

29 Playing Dancing Line Game
+ Shoalah Game

Watching Video Clip
about Scientific
Miracle

32, 33, 35, 36, 37,
38, 41, 45, 46, 49

Flap Flap Game + Touch Fly
Free Game + Impossible
Twisty Dots

Watching Video Clip
about Scientific
Miracle

31, 34, 39, 40, 42,
43, 44, 47, 48, 50

Flap Flap Game + Touch Fly
Free Game + Impossible
Twisty Dots

Watching Video Clip
about Football Match
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Fig. 5. The number of video frames of all volunteers in each session.
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Abstract 

Interventions based on learning analytics have a very important place in closing the learning analytics loop. However, data-driven 
studies that test the effects of learning analytics-based interventions on students' online learning behaviors are very limited. In this 
study, the effect of the student-facing learning analytics dashboard (LAD) on the learning behavior of students in the online learning 
environment was investigated by using the differential pattern mining method. In a completely remote course, the learning 
behaviors of the participants before the introduction of the dashboard were compared with the learning behaviors they exhibited 
after the dashboard was introduced. In this way, it has become possible to analyze the behavior changes after the dashboard 
intervention. Wilcoxon signed-rank test was used to test whether these behavioral changes were statistically significant or not. 
According to the Wilcoxon signed-rank test results, while there is no significant difference in terms of students’ assignment and 
quiz interactions, it is seen that there is a statistically significant increase in terms of students’ forum-related activities such as 
reading other students’ posts, starting a new discussion, and replying others’ posts. Students’ SCORM interactions (e.g, launch, 
complete) were also increased after engaging with the LAD. In addition, it was found that the overall interaction of students in the 
online learning environment increased by 57% when the LAD was used. 
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Abstract 

Interventions based on learning analytics have a very important place in closing the learning analytics loop. However, data-driven 
studies that test the effects of learning analytics-based interventions on students' online learning behaviors are very limited. In this 
study, the effect of the student-facing learning analytics dashboard (LAD) on the learning behavior of students in the online learning 
environment was investigated by using the differential pattern mining method. In a completely remote course, the learning 
behaviors of the participants before the introduction of the dashboard were compared with the learning behaviors they exhibited 
after the dashboard was introduced. In this way, it has become possible to analyze the behavior changes after the dashboard 
intervention. Wilcoxon signed-rank test was used to test whether these behavioral changes were statistically significant or not. 
According to the Wilcoxon signed-rank test results, while there is no significant difference in terms of students’ assignment and 
quiz interactions, it is seen that there is a statistically significant increase in terms of students’ forum-related activities such as 
reading other students’ posts, starting a new discussion, and replying others’ posts. Students’ SCORM interactions (e.g, launch, 
complete) were also increased after engaging with the LAD. In addition, it was found that the overall interaction of students in the 
online learning environment increased by 57% when the LAD was used. 
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連携プロジェクトの実施

計算科学共同研究

  
２０２２年９月１５日 

ニュースリリース  

学校法人法政大学 

国立研究開発法人日本原子力研究開発機構 

独立行政法人国立科学博物館 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

【発表のポイント】 
● 地衣類とは、藻類と共生している菌類の総称です。これまでに地衣類は、放射性セ

シウムを長期間保持すると言われてきました。しかし、「どの部位」で、「どのよう
な状態（化学形態）」で保持するのか分かっていませんでした。 

● 地衣類の生体組織を、切片作製装置を使って 5 m 厚にスライスし、放射線に感光
する特殊なフィルム（IP）による放射性セシウムの検出と、デジタル光学顕微鏡に
よる組織観察を組み合わせることで、地衣類の生体組織内での放射性セシウムの
分布する部位を、初めてマイクロスケールで特定しました。 

● さらに、分子シミュレーションや電子顕微鏡分析等から、化学形態の違いにおけ
る放射性セシウムが保持される仕組みを次のように推定しました。イオン状であ
れば下部組織のメラニン様の色素成分への捕捉。粒子状であれば組織表面への埋
没等の物理的な捕捉。 

● 今回確立したミクロな分布の測定手法や、推定した保持の仕組みは、キノコや山
野草などの森林生態系における放射性セシウムの保持の仕組みや、環境中での放
射性セシウムの動きに影響する化学形態の解明に役立つと考えられます。 

地衣類中で放射性セシウムが 

保持される仕組みを明らかに 
―環境中のセシウムの動態解明に寄与― 

外部評価委員会規程整備
法政大学情報メディア教育研究センター外部評価委員会内規 

 

センター規程 004号 

運営委員会承認 2023 年 1月 27日 

 

（目的） 

第１条 法政大学情報メディア教育研究センター（以下「研究センター」という。）の行う自己点検・評価活動の 

客観性・公平性を担保し、さらなる向上を図るため、学外有識者による評価を行い、その意見を事業に 

反映させることを目的として研究センター外部評価委員会（以下「外部評価委員会」という。）を置く。 

 

（構成） 

第２条 外部評価委員会は、学外の学識経験者で次のうちいずれかに該当する者若干名で構成する。委員は研究

センター運営委員会の議を経て所長が委嘱する。 

 （１）大学の管理運営全般に関する見識を有する者 

 （２）大学の研究施策に関する見識を有する者 

 

（委員長） 

第３条 外部評価委員会に委員長を置く。委員長は研究センター運営委員会の議を経て所長が決定する。 

 

（審議事項） 

第４条 外部評価委員会は次の事項を審議する。 

（１）研究センターが行う自己点検・評価活動の実施計画及び報告に関すること。 

（２）前号のほか、委員長が必要と認めた事項 

 

（外部評価委員会委員の任期） 

第５条 委員の任期は２年とする。ただし、再任を妨げない。 

２ 中途の欠員補充又は交替は、前任者の残任期間とする。 

 

（運営） 

第６条 外部評価委員会は、委員の３分の２以上の出席をもって成立し、議事は出席委員の過半数の同意を 

もって決する。 

 

（事務） 

第７条 外部評価委員会の事務は、研究開発センター小金井事務課が担当する。 

 

（規定の改正等） 

第８条 本内規の改正又は廃止は、研究センター運営委員会の議を経て所長が決定する。 

 

付 則 

１ この内規は、2023年 1月 27日から施行する。 
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学会等研究コミュニティへの貢献

KES2022 Invited Session 大学 ICT推進協議会
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2022年度専任所員3名の業績 (資料5)

論文 4
国際会議論文 2
国内研究会論文 3
基調講演,招待講演 4
研究会・セッション主催 5

22



ゴール

次のいずれかもしくは全て：

• (学生)研究センターの活動に参加したい
• (研究者)共同プロジェクト/研究を立案したい
• (企業)次期ラボラトリの検討に参画したい
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