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« LAX ULy Did*the measurement, collection, analysis and reporting of
data about learners and their contexts, for purposes of understanding

and optimizing learning and the environments in which it occurs”
(Siemens & Long, 2011, p. 34).”
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Knowledge tracing
Predictive modelling
User modelling

Social network analysis
Discourse analysis
Text mining
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Learning Analytics as a prediction model | edit]

One earlier definition discussed by the community suggested that Learning Analytics is the use of intelligent
data, learner-produced data, and analysis models to discover information and social connections for predicting

and advising people's Iearning.[sl But this definition has been criticised by George Siemens!®]

[non-primary source needed] and Mike Sharkey. [10][non-primary source needed]

Learning Analytics as a generic design framework |edit]

Dr. Wolfgang Greller and Dr. Hendrik Drachsler defined learning analytics holistically as a framework. They
proposed that it is a generic design framework that can act as a useful guide for setting up analytics services in
support of educational practice and learner guidance, in quality assurance, curriculum development, and in
improving teacher effectiveness and efficiency. It uses a general morphological analysis (GMA) to divide the

domain into six "critical dimensions".[]

Learning Analytics as data-driven decision making |edit]

The broader term "Analytics" has been defined as the science of examining data to draw conclusions and,
when used in decision-making, to present paths or courses of action.[2] From this perspective, Learning
Analytics has been defined as a particular case of Analytics, in which decision-making aims to improve learning
and education.'%] During the 2010s, this definition of analytics has gone further to incorporate elements of
operations research such as decision trees and strategy maps to establish predictive models and to determine
probabilities for certain courses of action.'?!

Learning Analytics as an application of analytics |[edit]

George Siemens is a writer, &
theorist, speaker, and researcher on
learning, networks, technology,
analytics and visualization,
openness, and organizational
effectiveness in digital environments.
He is the originator of Connectivism
theory and author of the article
Connectivism: A Learning Theory for
the Digital Age and the book Knowing
Knowledge — an exploration of the
impact of the changed context and
characteristics of knowledge.[elm He
is the founding President of the
Society for Learning Analytics
Research (SoLAR ).

Another approach for defining Learning Analytics is based on the concept of Analytics interpreted as the process of developing actionable insights

through problem definition and the application of statistical models and analysis against existing and/or simulated future data.

[14115] From this point of

view, Learning Analytics emerges as a type of Analytics (as a process), in which the data, the problem definition and the insights are learning-related.

In 2016, a research jointly conducted by the New Media Consortium (NMC) and the EDUCAUSE Learning Initiative (ELI) -an EDUCAUSE Program-
describes six areas of emerging technology that will have had significant impact on higher education and creative expression by the end of 2020. As a
result of this research, Learning analytics was defined as an educational application of web analytics aimed at learner profiling, a process of gathering

and analyzing details of individual student interactions in online learning activities.[1]

cs is aboyt

Learning analyt!
learning

V!

Learning analytics as an application of data science |[edit]

In 2017, Gasevi¢, Kovanovi¢, and Joksimovi¢ proposed a consolidated model of learning analytics.[17] The
model posits that learning analytics is defined at the intersection of three disciplines: data science, theory, and
design. Data science offers computational methods and techniques for data collection, pre-processing,
analysis, and presentation. Theory is typically drawn from the literature in the learning sciences, education,

Source: Learning analytics Wikipedia 7
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AIED 2024 General Call for Papers (Main Track)

EDM 2024: the 17th International Conference on Educational Data The 25th International Conference on Artificial Intelligence in Education (AIED 2024) will take place between July 8-12, 2024 in Recife,
Mining Brazil.
The AIED 2024 theme is “Al in Education for a World in Transition”

Atlanta, Georgia, USA, July 14—17, 2024 Abstracts due: January 29, 2024; Papers due: February 5, 2024

Education has always been about creating opportunities for people to develop new skills, competencies, and productive attitudes.
Education goes beyond simply communicating knowledge and aims to teach individuals analytical and critical thinking, social skills, and
human values, thus preparing them for society.

New tools, new prospects, new risks
- educational data mining in the age
of generative Al

General Call

The 2024 edition of The International Conference on Learning Analytics & Knowledge (LAK24) will take place in Kyoto, Japan. LAK24 is organized by the Society for

Educational Data Mining is a leading international forum for high- Learning Analytics Research (SoLAR) with Kyoto University. LAK24 is a collaborative effort by learning analytics researchers and practitioners to share the most rigorous cutting
. . . edge work in learning anfflyg H H H H 1P H

quality research that mines datasets to answer educational research ”L@‘Urnlng Ana ythS In the Age of Artificial Inte igence

questions, including exploring how people learn and how they teach. The theme for the 14th annual LAK conference is Learning Analytics in the Age of Artificial Intelligence. Artificial intelligence has been relevant for learning analytics since

Th d .. f . £l . includi the early days of the field. This has mostly been manifested by building upon the algorithms of machine learning to analyze data about learners and learning environments.
ese data may orlglnate roma varlety orlearning contexts, inclu Ing The conversations about artificial intelligence in education used to be mostly contained within specialized communities of practitioners and researchers. Since late 2022, this
|earning and information ma nagement systems, interactive |earning has rapidly changed. Discourse in mainstream media and among the general public has been dominated by the coverage of the developments in generative artificial

. . ; . . intelligence. The notable examples are such technologies as ChatGPT and DALL-E that harness the power of deep learning algorithms to generate impressively human-like text
environments, intelligent tutoring systems, educational games, and , o ) . . , e )

and images based on relatively simple human prompts. These technologies have given some glimpses about the emerging age of artificial intelligence. The prominence of

data-rich |earning activities. Educational data mining considers a wide artificial intelligence has also opened profound debates about implications on education from the need to develop relevant literacies to work with artificial intelligence to
challenging the established notions of assessment in education. Through the theme of the 14th annual LAK conference, we encourage the authors to consider implications for

variety of types of data’ mdUdmg but not limited to lOg fl|eS, student- learning analytics and the role the field can play in the age of artificial intelligence.

produced artifacts, discourse, learning content and context, sensor

d d Iti d Iti dal Th hi The LAK conference is intended for both researchers and practitioners. We invite both researchers and practitioners of learning analytics to come and join a proactive
ata, and multi-resource and multimodal streams. € overarching dﬁjbgﬁe arbumd th_efﬁtﬁ@f?ar%gl%amcg{anﬁztszractical adoption. We further extend our invite to educators, leaders, administrators, government and industry8

goal of the Educational Data Mining research community is to support professionals interested in the field of learning analytics and its related disciplines.
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ABOUT ~ MEMBERSHIP ~ EDUCATIONAL ACTIVITIES ~ PUBLICATIONS ~ CONFERENCES ~ TECHNICAL ACTIVITIES ~ AWARDS ~

Special Issue: Exploring the Transformative Impact of AGI on
Education: Applications, Integration, and Implications

Call for Papers

IEEE-TLT Special Issue on Exploring the Transformative Impact of AGI on Education: Applications, Integration, and Implications

Submission Deadline: 31 May 2024

Please contact tlt-agi2024@ieee.org with any questions, comments, or concerns.

View CFP PDF Here

Author Resources for IEEE-TLT: tinyurl.com/TLT22

Home Journal Information v Author Guidelines  Article Collections v Announcements ~ Submit Your Paper

Latest announcements

February 3,2024

Call for papers for a special issue on “Intelligent robotics in STEM education: Pedagogical innovation, higher-order thinking, and interdisciplinary
competence”

July 5, 2023

Theme-based Call for papers on “Generative artificial intelligence in education: Theories, technologies, and applications”

June 18,2023

Call for papers for a special issue on “Reinventing pedagogies and practices of 3D Multi-User Virtual Environments (MUVEs) with the rise of
blended learning”

April 7,2023

Call for papers for a special issue on “Virtual Reality in Teacher Education: Innovations, Opportunities, and Challenges”
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Goals and 2 . Ethical
Author(s) and Year Country Objectives Participants Data Sources Techniques Tools Procedures Results
i The ILDE dashboard can provide an
To support community awareness to ILDE dashboard: profile vi ;he:_lnteEgralted Leamning understanding of the social presence in
Michos and Hernandez-Leo Spain facilitate teachers’ learning design 23 PSTs, ashboar eé)l;lo £ VIEWS, LA ILI;isin dm]':;o nnéent nd the community of teachers.
(2018) [46] P process using a dashboard with 209 ISTs comm:ln;s, _creat des(?ns, dashboard ;BM s%’s;szz oar - Visualization was the most commonly
data visualizations. re-used designs, and edits. Heidi SOL and Tabl used feature. There were
eidi SQL and Tebleau time constraints.
Self-regulated behaviors:
To examine the relationships Activating: onlme. access location, 84.5% of PTSs” access to the platform
between self-regulated learnin, day of the week, time of day took place off-campus.
Montgomery et al. (2019) [47] Canada behaviors and g 157 PSTs Sustaining: access frequency Moodle platform nd. The strongest predictors for student
academic achievements. Structuring: average logins per success were the access day of the week
' week, exam review patterns, and access frequency.
number of reviewed quizzes/day
Social bot: user intentions,
To support PSTs’ self-study using bot messages Chatbots: Feedbot for self- Promising results that bear the
Newmann et al. (2021) [48] Germany chatbots as a tool to scale 19 PSTs System Usability Scale: frequency, study, Litbot for mentoring n.d. potential for digital mentoring to
mentoring processes. ease of use, students’ reading support students.
confidence, consistency
Learni ion 1 b h PSTs lacked media literacy skills.
To challenge PSTs to analyze and arning _ad;o“ &;g_s about searc Thinking app (Chrome Online assignments promoted
Post (2019) [49] USA interpret data on students’ online n.d. PSTs terms,}\‘/ ls't; ,:Ve S:e;":m; sp_en( extension) that tracks nd. student-centered learning and critical
behavior and learning. on .eac -we site, a':‘ X orderin online behaviors thinking. The prevalence of
which sites were visited multitasking was highlighted.
Psychological variables:
Practical knowledge: educational The SLBM-TAIS was effective in
beliefs, interpersonal relationships, training PSTs to teach Al subjects to
; ) To design a s_ervice-lean_'\ing-based teaching strategies, self-reflection The SLBM-TAIS primary school stude_nts. The
Pu et al. (2021) [50] Malaysia module training Al subjects 60 PSTs Motivation: intrinsic motivation, ducational modul n.d. SLBM-TAIS module influences
(SLBM-TAIS). extrinsic motivation, amotivation educational module situational knowledge, teaching
Other: gender, teaching strategies, and both intrinsic and
experience, average extrinsic motivation.
academic performance
Based on the Indonesian Teacher The ANN classification accuracy was
Engagement Index (ITEI): positive Django: a website framework 97.65%, proving the reliability of the
Sasmoko Indonesia To determine teacher engagement 10,642 ISTs psychology, positive education, Al for Python Not instruments and websites; however,
etal. (2019) [51] using artificial neural networks. ’ teacher performance, nationalistic machine learning (ANN) Chart.js for data visualization. applicable this still requires further testing in
character, and MongoDB as the database terms of both ease of use and trials with
leadership engagement diverse data.
. . . ’ . . The most frequent discussion behaviors
o s cangin P Do B s e e 01550 and o
Sun et al. (2019) [52] China data recorded during PSTS’ 53 PSTs taxonomy: remember, understand, MOOC platform nd. §27.717 %). Ps;'s w:lt: aln atrl\'a:ytllcal style
di i i MOOC platform. apply, analyze, evaluate, create mpremented mutiple strategles
iscussions via an p pply, analyze, ) for learning,
77% appreciated peer teaching, 41%
X e IBM Watson Al model R
) To introduce Al literacy and Al Typ?s of Al tasks: text recognition, Mitsuku chatbot preferrsd the game-based approlach,
Vazhayil India thinking to in-service secondar 341STs sentiment analysis, Google Al iment d 15 ISTs consented to recorded and 24% were concerned about internet
etal. (2019) [53] school tgea c.herse Y image classification, E;"OS eSca e)‘(‘pel;l:;’enntname video testimonials access. The best strategy was
. categorical/numerical data Scr:t’::h venge embr_acing creative freedom and peer
/—\\ ! L =S — SN, A teaching to boost learners coTéence.

Salas-Pilco, Sdenka Zobeida, Kejiang Xiao, and Xinyun Hu. "Artificial intelligence and learning analytics in teacher education: A systematic review." £ducation Sciences 12.8 (2022): 569.
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Goals and - . Ethical
Author(s) and Year Country Objectives Participants Data Sources Techniques Tools Procedures Results
To employ Al algorithms for Reflection elements: ?::fz’le;:;:tl:'efiecision trees The multinomial logistic regression was
classifying written reflections circumstances, description, Al . X o S . . the most suitable classifier (0.63).
Wl etal. (2020) [54] Germany according to a 17PSTs evaluation, natural language processing m“}:mmfa{ 105'5“; regression, PSTs provided informed consent Imprecise writing was a barrier to
reflection-supporting model. alternatives, consequences muitinomial naive bayes, accurate computer-based classification.
PP 8 s q P
stochastic gradient descent
E:‘ijs‘:]elr:di;:g;nn;{; 3::;:ci;aetai§ SDRA fostered PSTs’ collective
- . To enhance self-directed reflective Lo o Knowledge Forum Ethical approval was obtained empowerment, as reflected by their
Yang etal. (2020 [55] China assessment (SDRA) using LA. 47PSTs reflective and t:‘ansformatlve (online notes) from the hosting institution collective decision making, synthesis of
:Z::s;’::::; ::owle dge ideas, and “rising above” ideas.
LA helped to identify learning
To examine PSTs’ perceptions of LMS log data: date, login deficiencies, provided self-assessment
percep g , logi P
Yilmaz and Yilmaz (2020) [56] Turkey personalized recommendations and 40 PSTs frequency, views per week, Moodle LMS platform (Voluntary participation) and personalized learning, improved
feedback based on LA. participation in discussions academic performance, and instilled a
positive attitude toward the course.
E::er:ir(:; :‘:e&:;_}::agl aSrl\ﬁvey Ide;\tiﬁ‘ed l? gredlictors of ISTs"
: PR ) P Group Mnet technique professional development.
Yoo R ) 7] Ko TodtemiSTomiend | R CTALEY) 2013 rpsof et i i et pockage). o Found 11 e prcicors ltd b 515
P’ i3 g ML. princip: garticigation e ocing an);j g R software PP pedagogical preparedness, feedback,
induction programs and participation.
PSTs’ teaching competency
ok e e Ao Bk Bropagation ) The e mode can e et
- . To build an intelligent assessment H N N ‘. Al . R evaluate PSTs’ competency on a large
Zhang]. etal. (2021) [58] China system of PSTs teaching competency. 240 PSTs }nstruchona]_desxgn, teaching machine learning Delphi and Analytic Hierarchy nd. scale, its relative error was small
implementation, technology Process (AHP) methods between 0-0.2
application, teaching evaluation, Matlab software -
reflective development
New and relevant information was
. Discourse characteristics: number posted at the beginning of the online
To automatically detect the X .
discourse Chara)c,terisﬁcs of of posts per teacher, length of post Al Word2vec toolkit to generate Ethical approval from discourse. Cluster analysis showed
Zhang S. et al. (2021) [59] China . X . 1834 ISTs er teacher, much or little new . lexical vectors based L three different posts: relevant topic with
8 in-service teachers from online P 4 natural language processing the institution P P’
textual data. information, high or low on AI-NLP new information, another with little
’ topic relevance new information, and a less relevant
topic with little new information.
Vision-based mobile augmented PSTs perceived the usability as good; it
To improve the outdoor learnin, reality from the university campus MobileNetV2 network: a was preferred by younger users, and
p! 8 ty ty camp: Al P! y young
Zhao etal. (2021) [60] China experience and build a learning 38 PSTs (g, plants, flowers, trees) vision-based mobile augmented lightweight convolutional nd. had a positive impact on learning. The

resource based on ontology
information retrieval.

through scene detection, retrieval,
superposition, visualization,
and interaction

Salas-Pilco, Sdenka Zobeida, Kejiang Xiao, and Xinyun Hu. "Artificial intelligence and learning analytics in teacher education: A systematic review." £ducation Sciences 12.8 (2022): 569.

Note. CDA = classroom discourse analyzer, DT = decision tree, FFTrees =

reality (VMAR)

neural network by Google for
mobile devices

average precision of retrieval based on
keywords (97.46%) and ontology
(90.85%) signified good performance.

BTD = gradient-boosted decision trees, KBSD = Knowledge-Behavior-Social
Dashboard, ITEI = Indonesian Teacher Engagement Index, RF = random forests, NLP = natural language processing, SLBM-TAIS = service-learning-based module training Al subjects,
SVM = support-vector machine, WISE = web-based inquiry science environment.
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e TXUIDITHYRENAIZERL 7zcustom Al platformz= B2 L 7z
e (Getting Started With U-M Maizey U-M GenAl Videos

U-M GPT Wants You to Have a Great 2023 Winter U-M Maizey Lets You Build a Teaching Assistant Al
Break in Minutes
Custom GenAl Services for the U-M Community December 42023 November 21,2023
ITS offers a generative Al platform available to all active U-M faculty, staff, and students on the Ann Arbor, Flint, and Dearborn campuses and Michigan Medicine.
These service offerings are equitable, accessible, and support everything from basic consumer usage to advanced research and experimentation. performance
Maizey ChatGPT 4
Good & fantastic answers 94 74%
_,O e Score: Maizey > ChatGPT b
p——) U M Malzey Score: Maizey >> ChatGPT 24%
- Empowers users to extract valuable s Lt 90%
( / > insights, discover patterns, and gain o= 501 2 Trowontoe,
U-M GPT deeper knowledge from the available Watch on @3 YouTube ))
datasets. T

Our most accessible ITS Al service is U-M GPT, a tool that provides access to popular
hosted Al models such as Azure OpenAl and U-M hosted open-source large language

models. How Faculty Can Use the U-M Maizey Al Tool to Revolutionary New Al Services Now Available at the
« User-friendly interface that allows faculty, staff, and students to engage in chat- Improve the Classroom Experience University of Michigan
based queries and benefit from the expertise of GenAl technology. U-M GPT Toolkit October 20, 2023 August 25, 2023
* U-M GPT enhances teaching, learning, research, and collaboration, providing a E e e et o o e
valuable and equitable resource for the entire university community. jo control over their Al snvironments and iTs How Faculty Can Use the U-M Maizey Al TM its Revolutionary New ALServicesNow Available at th... e
* U-M GPT has been designed to be accessible, including for use with screen dels m
readers. models. 3
U-M Maizey INFORMATION AND

TECHN ERVICE
0 > S

UNIVEF CHIGAN

“Sandbox” interfo“’“, build teaching
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https://teamdynamix.umich.edu/TDClient/30/Portal/KB/ArticleDet?ID=10656
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4 Al (Generative Artificial Intelligent)

BSR4 RRAl

KBEEEEET 7 /L (Large Language Model, LLM)

Explainable Al
Artificial General Int
Self-aware Al

elligence

Types of Artificial

Intelligence

Reactive Machine =

Photo source: https://www.geeksforgeeks.org/
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https://play.google.com/store/apps/details?id=com. n.hosei. myapplication&pli=1
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 Learning is contextual and personal- two students are not same
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« Bz £, Self-directed learning, Metacognition, Social emotional learning,
Constructivism learning theory7s &




Watchouts
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 Transparency issues
 Over-reliance

e Bias

e Security concerns
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