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INNOVATION STARTS WITH EDUCATION

Rethinking Engineering Education

Policy, pedagogy, and assessment during crises

Irwin King, Chandni Saxena, Christian Pak,
Chak-ming Lam, and Haiyan Cai

icantly impacted traditional teaching pedagogy, which often

relies on face-to-face interactions. It is crucial that various
stakeholders in education, including administrators, staff mem-
bers, teachers, parents, learners, government officials, and o on,
adapt to abrupt changes and disruptive transformations caused
by emergency situations. In this article, we map out approaches
to stakeholders that underpin teaching and learning effectiveness
for engineering education (EE) in terms of policy, pedagogy,
and assessment. The contributions of this article are threefold.
First, we revisit a framework that enables administrators to de-
vise policies for a secure and safe learning environment. Second,
we propose Crisis-Resilience Pedagogy (CRP), which highlights
and integrates important attributes such as adaptability, creativ-
ity, connectivity, diversity, and endurance into pedagogical com-
ponents for effective teaching and learning. Third, we outline
how to leverage education technology for outcomes assessment.
To illustrate the challenges, solutions, and possibilities in this
“new normal,” we utilize and reflect on the results of an obser-
vational study conducted during the pandemic. Our approaches
can be easily extended to other academic disciplines in other
institutions to strengthen the resilience of our education systems
in times of crisis.

E rises, especially the recent COVID-19 pandemic, have signif-

Introduction

We live in a natural world characterized by risk, catastro-
phe, and instability resulting from disasters and crises. These
abrupt events, small or large in scale, natural or anthropogenic,
have had a profound impact on individuals, organizations,
communities, and states on a worldwide level. In recent years,
‘we have observed a shift in the nature, causes, frequency, con-
sequences, and adversities associated with crises [1], which has
led to new challenges and growing research interests to under-
stand and manage these events. In the past few decades, crises
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Edition

by Irwin King (Author), Wei-I Lee (Author)
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This book is an academic publication about the global development of massive open online courses
(MOOCs) and major MOOC platforms worldwide in the past decade, as well as the outlook of MOOCs
in the future, with an emphasis on Greater China. The book also discusses the upsurge of the demand
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The book is divided into three main parts - Part I: Overview of MOOCs introduces the origin and
history of MOOCs and the development of MOOC platforms in Greater China and the global context;
Part II: Key Issues discuss the MOOC policies, innovative pedagogy, technology, and ecosystems
worldwide; and Part Ill: Beyond MOOCs probes into the roles and benefits of MOOCs in times of
crises, as well as the outlook of MOOCs in the future.
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Traditional Assessment and Its Challenges

How Does Al and Learning Analytics Meet
Assessment Challenges

Developing Al Software for Education

Key Takeaways
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Accuracy and Errors
Standardization
Timeliness

Access and Privacy
Transfer of Credits
Fraud and
Misinterpretation
Others...

h

WAV ALINNIIE - LAIMISNYEL FYOOHIE TVIDILI0

4

WALV ALINNOAS - LANMIENVUL VOOHIE TVINLIO

YOUR SCHOOL NAME
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MICROCOMPUTER APPLICATIONS

xs oY
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FALL 2005
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Missing Qualities to Track

Personal Growth

Critical Thinking and Problem Solving
Collaboration and Teamwork

Communication Skills

Cultural Competency and Global Perspective
Motivation and Engagement

Ethical Judgement and Integrity
Self-Assessment and Metacognition

And more...
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KNOWLEDGE SKILLS ATTITUDE

Enter your sub headline here

Tr

« Self Motivation

Interpersonal Skills o Calf Corfidence

Time management  * * Integrity

* Honesty

Reasoning * * Optimism

* Enthusiasm

Communication ¢ Triangle of

Success * Co-operative

Goal Setting -« <

Commitment
Knowledge

Basics, Theories, Information, Facts, Figures,
Descriptions, Learning, Science, etc.
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“Is there any way |
can get an intelligent
e-portfolio instead of
my transcript?”
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Writing and editing support

Skill and competency mapping

Content organization and structuring

Visual design and layout

Feedback and assessment

Multimedia support

Interactive tutorials

Progress tracking

Collaboration features

Empowering Learner Agency through e-
Portfolio Co-design: A Pathway to Integrating
Generative Al

September 2024
In book: Retos e Innovacién en Educacion (pp.139-151) - Publisher:
Grupo Kiobus Editorial & Catedra UNESCO de Educacién

Authors:

Peng Zhang

Namseoul University

Gemma Tur

University of the Balearic Islands

/ &
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The 4th Industrial Revolution

3rd Industrial Revolution

1st Industrial Revolution (1st Information Revolution)
18th Century Late 20th Century
Steam-based Machines Computer and Internet-based Knowledge

N

Artificial Intelligence
Information Technology

Intelligence
Al SW

4th Industrial

2nd Industrial Revolution

Information :
19th-20th Century Big Data loT Revolutlon.
Electrical Energy-based Cloud (2nd Informatlon
Mass Production Revolution)

Early 21st Century







\Who Are the Stakeholders?

—
5aa leachers

e Innovating pedagogy with Al
in teaching and assessment

E} Students

e |earning new skills and adapting
to a changing landscape

Parents

e Supporting and adapting to
students’ needs

'

Administrators

e Keeping institutions at the
forefront of academic innovations

ﬁ Government Officials

e Developing policies that support the
education and innovation sector
% Technology Developers

e Developing technology that
solves real-world problems

18



*Triangle of Success

- 5 — Self Motivation
~———Self Confidence

Goal Setting

Integrity
Honesty

Time management

Reasoning

Optimism

Communication —— Enthusiasm

Co-operative
Inter-personal Skills

Basics, Theories, Information, Facts, Figures,
Descriptions, Learning, Science etc.

Commitment |
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Knowledge Transmission

Content Creation ‘(Pedagogg Delivert_.|> ) (Assessment I\Ilethods>

Design Learning
Objectives

Curriculum Development
Outcome-based Approach
Automated and
Personalized Content
Generation

Multimedia Content
Creation

Content Curation and
Personalization
Multilingual and
Accessibility Support

Flipped-classroom
Hybrid Learning

Peer Learning

Active Learning
Project-based Learning
Problem-based Learning
Experiential Learning
Case-based Learning
Intelligent Classroom
Assistants

Multimodal Learning
Experiences

Formative, Summative,
Diagnostic Assessment
Performance-based
Assessment
Self, Peer, Authentic,
Portfolio, and Ipsative
Assessment
Criterion-based and
Norm-based Assessment
Automated Grading
/Feedback
Learning Analytics and
Insights
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Where Did We Start?

Foundational Principles

Volume 24 Number 3  August 2017

“Assessment and Classroom Learning”
(1998) - Paul Black and Dylan William : Assessm_e"t
in Education:

=> Assessment as a feedback loop

1. Teachers gather evidence through activities,
questions, and discussions.
2. They use this evidence to adjust their teaching
strategies.
\ 3. Students receive specific, actionable feedback that
| helps them understand how to improve.

E
carning
nd Jo-Anne Baird

g Routledge

Taylor & Francis Group

ISSN (969-54X
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Where Did We Start?

Foundational Principles

“Formative Assessment and the Design of

Instructional Systems”
(1989) - D. Royce Sadler

e Formative assessment is not a one-time event but a
continuous and iterative process.

e Assessment as a teacher-driven activity should be
learner-centered, feedback alone is insufficient
unless students are able to use it effectively.

Volume 41 No. 5 September 2013 ISSN 0020-4277

Instructional Science

@ Springer
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Why Change®?

1. Overemphasis on lower-order thinking skills.

Knowledge (recall of facts) over Comprehension (basic understanding).

2. Standardization vs. Individualization

Treating all students as if they learn the same way and progress at the same pace.

3. Limited Insight Into Student Understanding

Limitations of assessing how students evaluate, apply, and analyze information in
real-world settings.

"Taxonomy of Educational Objectives: The Classification of Educational Goals," Benjamin Bloom (1956)

23



Weaknesses In the Standard Assessment Paradigr;[SAP) ‘
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Assessment design is time-consuming and
only one of a teacher's responsibilities.

Assessments only view a snapshot of what
a student can do at a single point in time.

One-size-fits all approach may introduce
unintended biases into assessment.

Assessments can be inauthentic as they
don't include real-world contexts.

Assessments can be antiquated and
assessing skills becoming obsolete.

Design and Discovery in Educational Assessment:
Evidence-Centered Design, Psychometrics, and
Educational Data Mining

ROBERT J. MISLEVY

Educational Testing Service

JOHN T. BEHRENS AND KRISTEN E. DICERBO
Pearson

and

ROY LEVY

Arizona State University

{ A . . . .
.+vy Computers and Education: Artificial Intelligence
¥ Volume 3, 2022, 100075

Assessment in the age of artificial
intelligence

Zachari Swiecki @ & =i, Hassan Khosravi °, Guanliang Chen ¢, Roberto Martinez-Maldonado ¢,

Jason M. Lodge b Sandra Milligan €, Neil Selwyn ¢, Dragan Gasevi¢ ©
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Al Applied to Bloom’s Taxonomy

Al: Somewhat competent

BLOOM'S TAXONOMY Key actiops: Producing, designing, assembling,
COGNITIVE DOMAIN (2001) + AI'S COGNITIVE ABILITIES (2023) constructing, formulating.
I
A Al: Minimally competent
é g Key actions: Making a judgment, critiquing, depending, or
o CREATING = COPY-CAT COMPOSER providing an informed opinion.
2 4
w I
é / g Al: Highly competent
L EVALUATING EMOTIONLESS EVALUATOR Key actions: Identifying trends, differentiating,
comparing, relating, and questioning.
I
ANALYZING CONNECTION KING Al: Somewhat competent
Key actions: Using information in new contexts to predict,
interpret, solve for, execute, or implement.
APPLYING ! PATTERNED PRACTIONER T
~ Al: Not competent
u Key actions: Recognizing, discussing, explaining meaning behind info
% |UNDERSTANDING 0\ & ILLUSIONIST / .
g Al: Highly competent
S REMEMBERING RELENTLESS RECALLER / Key actions: Retrieving info (facts, dates, definitions, answers)
@uritisaraf | vritisaraf.com | ed3dao.com }

25



Milestones

1970s
Early Automation and

. Intelligent Tutors

e 1970: SCHOLAR, the first Intelligent
Tutoring System

e 1977: BIP (Stanford) and Wumpus (MIT)
advanced tutoring systems

2000s-2010s
Adaptive Learning and
Advanced Analytics

Automated marking systems,
simulation-based assessments

Data mining student databases, adaptive
learning systems to prescribe solutions
according to student behaviour

1980s-1990s
Assessment Automation

Cambridge Assessment explored
computer-based assessment
technology

Development of assessment engines
for word processing, spreadsheets,
and databases

2020s
Advanced Al Integration

e Al tools beat humans in some
forms of assessment

e large number of institutions
implement machine learning into
their operations

26



ChatGPT in 19987

1998: AutoTutor was
developed by the University
of Memphis

Addressed the chief challenges in
Al system:
€ (a)inherent complexities of
natural language processing
€ (b)unconstrained,
open-ended nature of world
knowledge
€ (c)lack of research on
lengthy threads of
connected discourse

Table 1 Sample discourse on conceptual physics

AutoTutor <Main Question>: Suppose a boy is in a free-falling elevator and he holds his keys motionless in
front of his him and he lets go. What will happen to the keys? Explain why.

Student: The keys would not move but hover at the start point.
AutoTutor <Pump>: 1 bet you can explain this a little bit more.
Student: The velocity of the keys is the same due to gravity.

AutoTutor <Hinr>: What about the acceleration of the objects involved?
Student: What is acceleration again?

AutoTutor <Answer>: Let me try to answer your question. Acceleration is the rate that velocity changes over
time, like getting faster or getting slower. Acceleration is a vector quantity, so it needs to have a direction.

AutoTutor <Hint>: Let’s try this again. What about the acceleration of the objects involved?

Student: The acceleration of the objects in the elevator are the same as the acceleration of the elevator which is
the earth’s gravitational acceleration.

AutoTutor <Short Feedback>: Good job!

AutoTutor <Prompt>: Try this. What direction are the objects going? The objects are falling <hand gesture to
cue the student to express something>?

Student: downward
AutoTutor <Short Feedback>: Right.

AutoTutor <Prompt-completion>: The objects are falling downward.

Nye, B.D., Graesser, A.C. & Hu, X. AutoTutor and Family: A Review of 17 Years of Natural Language Tutoring. Int J Artif Intell Educ 24, 427-469
(2014). https://doi.org/10.1007/s40593-014-0029-5
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Al Chatbots for

=> 2016: Georgia Tech
launched Al-powered
teaching assistant “Jill

Watson® based on on
IBM Watson

=> Trained on 40,000 student
forum posts to answer
course-related questions

Jill Watson and AsklJill: Al-Powered Q&A Agents

Dalton Bassett, Peter Carragher, Sona Jain, Vrinda Nandan, Sanjeev Rao, Saloni Shah, Harsh Sikka, Karan Taneja, Ashok Goel

D

Background

# *Jill Watson (JW), first deployed in
OMSCS classes in 2016, is a Q&A agent
+ that answers questions related to
. course syllabus and schedule.

Asklill, evolved from JW, is an
@ artificial intelligence explanation
@ agent that can answer questions
about the domain, operation and

functionality of other Al systems.

AskJillin VERA

Asklill uses the User Guide for an Al-based interactive
learning environment (VERA) to automatically answer
user’s questions in the below categories:

@ pu o
©] S
b cesshEnl o i
Requirements Parameters
VERAT requeements? carbon cycle?, Wi oot
4 -
2 it o
Default Values Value Units HowDol ...
Vb, e i
S, et el
e

Acknowledgement

We thank NSF, IBM, Georgia Tech as well as past contributors: Varsha Achar, Ida Camacho, Eric Gregori, Shan Jing, Rohit Mujumdar, and Qiaosi Wang.

of In

Jill Watson in 2022

In Spring 2022, Jill Watson was deployed
in 4 OMSCS courses:

CS 7637 (622 students enrolled), CS 7646
(1426), CS6750 (492), and CS 6795 (95).

Jill Watson Automation
e Agent Smith-based automated training
SOt dataset generation.
{:} ® Automated HTML-based syllabus scraping.
® Automated domain knowledge database
(sQL) generation.

logy

Jill Watson Performance Results

Agent Smith

200 200 0

AskJill in VERA Performance Results

In-Vitro Coverage Analysis

VERA User Covera

Current Research

Scaling Jill Watson

Introduce JW to dozens of classes, additional
colleges and learning management systems.
Can we build a Jill Watson for eBooks?

How can we improve Al accuracy in answering
user queries?

Task-Method-Knowledge (TMK) Models
of Al Systems

mJl-m * Howcan Al help build user trust by
™ providing explanations?

« Is TMK a good framework for representing
Al systems?

Jill Watson and Asklill: Al-Powered Q&A Agents. Dalton Bassett, Peter Carragher, Sona Jain, Vrinda Nandan, Sanjeev Rao, Saloni Shah, Harsh Sikka,
Karan Taneja, Ashok Goel Design & Intelligence Laboratory, School of Interactive Computing, Georgia Institute of Technology.
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Bots Fact-Checking Bots

JILL WATSON RUNTIME

/

Q Student Questi
— Jill’s Respons¢
STUDENT

JILL WATSON AGENT

Validated Response

9

o,

)

<

pn JW
> REST o
L SERVER Question, COREFERENCE Resolved Query, SKILL Resolved Query, QUESTION Response VALIDATION /
| Chat History RESOLUTION Chat History CLASSIFICATION Chat History, Skill ANSWERING MODERATION
Pronoun clarification Relevant document classification A 2 Relevance and safety checks
K |4 ! I ‘
A 4 \ 4 v \ 4
Chat History

MEMORY

. ChatGPT API

Skill-based Context

KNOWLEDGE

BASE (ESenerate

mbeddings | )

ENCODER ‘

SERVER | Knowiaces

Documents

on: Empowering Learners and Teachers with Virtual Teaching Assistant. Pratyusha Maiti, Sandeep Kakar, Karan Taneja, Sanjeev Rao, Pranav Guruprasad, Rob Lindgren, Gina Nguyen, Alekhya Nandula, Aiden Zhao, Ashok Goel. Design &
Laboratory, School of Interactive Computing, Georgia Institute of Technology.
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Global Tech + Local Contexts

Greater accuracy and

Power of huge LLMs (GPT) o Knowledge of local ' = usability for teachers and
information sources
students
) o Criteria Jill Watson OpenAl
=>  Now, Jill Watson is integrated
with ChatGPT. Correct Answers 78.7% 30.7%
=> Jill Watson surpasses Harmful Failures 2.7% 14.4%
OpenAl-Assistants in both
accuracy and safety by offering: Retrieval Failures 43.2% 68.3%
€ Higher proportion of correct
answers . IDK-Response to 98% 68%
€ Fewer wrong or irrelevant answers Toxic Prompts

€ Avoiding harmful questions using
EE | d f0) n’-t k n OW” Jill Watson: Empowering Learners and Teachers with Virtual Teaching Assistant. Pratyusha Maiti, Sandeep Kakar, Karan
Taneja, Sanjeev Rao, Pranav Guruprasad, Rob Lindgren, Gina Nguyen, Alekhya Nandula, Aiden Zhao, Ashok Goel. Design

& Intelligence Laboratory, School of Interactive Computing, Georgia Institute of Technology.
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How Does Al and
Learning Analytics
Meet Assessment
Challenges®?




Knowledge Transmission

Content Creation - < Pedagogy Delivery > - ( Assessment Methods >

Design Learning Objectives e Flipped-classroom )
Curriculum Development ® Hybrid Learning

Outcome-based Approach e Peer Learning J
Automated and e Active Learning

Personalized Content e Project-based Learning )
Generation e Problem-based Learning

Multimedia Content e Experiential Learning )
Creation e (ase-based Learning

Content Curation and e |Intelligent Classroom °
Personalization Assistants °
Multilingual and e Multimodal Learning

Accessibility Support Experiences

Formative, Summative,
Diagnostic Assessment
Performance-based
Assessment

Self, Peer, Authentic, Portfolio,
and Ipsative Assessment
Criterion-based and
Norm-based Assessment
Automated Grading /Feedback
Learning Analytics and Insights
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Reduces Time and Effort

NATURE INDEX ‘ 18 September 2024

Can Al be used to assess research
quality?

Chatbots and other tools are increasingly being considered, but people power is still
seen as a safer option.

By Jackson Ryan

¥y f =

Was LLM feedback generally helpful?

Highly helpful —

v [ -
1/5 4.9% 5/571%

<« Highly unhelpful

Current LLM models lack the specificity
of human feedback to aid in manuscript
review, but are still considered generally
helpful.

How helpful was LLM feedback compared with most human feedback?

<«— Much less helpful Much more helpful —

2/5 41.9% 3/520.1% -

5/51.6%

How specific was LLM feedback compared with most human feedback?

< Much less specific Much more specific —

5/5 0.3%
Would you use the LLM system again?
https://www.nature.com/articles/d41586-024-02989-z onature
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Personalization

Google for Education

Ivy Tech develops machine learning
algorithm to identify at-risk students and
provide early intervention

https://edu.google.com/why-google/customer-stories/ivytech-gcp/

Correctly predicted course
outcomes 80% of the time

Predicted a student’s final grade in
a course with 60%-70% accuracy
by week two of the semester

Identified 16,000 students
statistically at risk for failing by
the second week of the semester.
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S C a I a b i | i -l: U Learning analytics in

higher education: an analysis

Institution Major outcomes Of case Studies education
Bridgewater College  Notifications were automatically generate Billy Tak Ming Wong 21

and their parents to recognize students’ University Research Centre, The Open University of Hong Kong, Hong Kong ] o
Drexel University Faculty, programme developers, and pro; frnyicte

administrators were able to analyse the connections between a

. specific programme outcome and data related to that outcome

Al arge num b er Of stu d ies Georgia Institute of  High reliability was achieved for analysing students’ online Wang et al. (2016) 25
Technology and discussion data —_—

. oo ol Carnegie Mellon

have identified scalability Universty |

Harvard University A machine learning prediction model was shown to be effective Robinson et al
Q 2 a for predicting students who would complete an online course  (2016)

b e n eﬁ -t S t O I n C O r p O ra--t I n g Lancaster University Tutors could efficiently access various kinds of data for Sclater et al. (2016)

I . I . . I . providing students with timely support
New York Institute of A dashboard simple and easy to use by staff was developed  Sclater et al (2016)

earning analytics, including o Tk
Open University of ~ Information could be updated and maintained automatically  Guitart et al. (2015)

benefits relating to: Caalonia

Portland State Operation efficiency was increased, e.g. faster generation Blanton (2012)
University of reports
The system could easily be modified to fit the needs of other
. institutions
9 C (o] St = eﬁe Ct Iveness Purdue University Students who had engaged with the LA system sought more  Arnold and Pistilli
help and resources than other students (2012)
Rio Salado College The likelihood of successful course completion was Smith et al (2012)
H Tl accurately assessed
0 p e rat ion al efﬁ cienc g The Hong Kong There was greater interaction between teachers and students Wong and Li (2016)
Institute of Education
R University of Adelaide Lecturers were allowed to assess and monitor students’ Tarmazdi et al.
R e p (o) rt g ener at ion collaboration in an online environment, without having to traverse (2015)
a large discussion forum
University of The system demonstrated high scalability and extensibility =~ Mattingly et al
° Michigan (2012)
C ourse com p I et ion University of The system allowed the provision of learning support to Cruz-Benito et al
Salamanca students in an automatic manner (2014)
University of the The utilization of open source resources could be modified and Prasad et al (2016)
° South Pacific adapted by anyone to meet specific user needs Table III.
A U 'tO - g rad I n g University of Sydney LA features such as instant feedback and auto-grading are Gramoli et al. (2016) Use of LA which
especially useful for instructors teaching subjects in computer increased cost-
science education effectiveness
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Scalability

When integrating Al with
educational platforms, one study
found:

=> 25%improvementin
personalization and adaptability.

=>  40% reduction in errors of
content management and admin
tasks

Optimization and Scalability of Educational Platforms: Integration of
Artificial Intelligence and Cloud Computing

by Jaime Govea ! &, Ernesto Ocampo Edye 2 &2, Solange Revelo-Tapia 3 & and William Villegas-Ch 1.* &

1 Escuela de Ingenieria en Ciberseguridad, Facultad de Ingenierias Ciencias Aplicadas, Universidad de Las
Américas, Quito 170125, Ecuador

2 Departamento de Informatica, Universidad Catélica del Uruguay, Montevideo 11600, Uruguay
3 Departamento de Educacién Béasica, Colegio San Gabriel, Quito 170521, Ecuador

" Author to whom correspondence should be addressed.

Computers 2023, 12(11), 223; https://doi.org/10.3390/computers12110223

Submission received: 21 September 2023 / Revised: 16 October 2023 / Accepted: 24 October 2023 /
Published: 1 November 2023

7
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https://www.mdpi.com/2073-431X/12/11/223 /

36



Adaptive Learning

Computers and Education: Artificial Intelligence
Volume 1, 2020, 100003

A fuzzy expert system-based adaptive
learning approach to improving students’
learning performances by considering
affective and cognitive factors

Gwo-Jen Hwang @ & &, Han-Yu Sung P&, Shao-Chen Chang ¢, Xing-Ci Huang X

https://www.sciencedirect.com/science/article/pii/S2666920X20300035?via%3Dihubisec5

Al improved student’s grades
by analyzing affective and
cognitive factors

Students without the adaptive
learning model were more likely
to give up

Adapts to abilities: the
cognitive and affective mode
kept the high achievers at the
higher knowledge level, while
helping the low achievers make
progress.
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ldentifies Hidden Issues

Stanford University

Stanford University
— Human-Centered
. Artificial Intelligence

“Our method [Chose] an Design :nd Human-Ccmpu':er I.ntera.ction, Education .
e Using Artificial Intelligence to
more than 80% of the Understand Why Students are

time in the simulations
before the students
begin an activity.”

Struggling

Stanford researchers created a program to help when students get stuck in self-paced digital learning.

Jul'12;22021 | Edmund L Andrews Student| n | Method | Accuracy | Miss Interrupted

- Useful in large classes MGIEL Bats | Rate —
g o | Ours 8% | 28% 8%
. LR 86% 50% 5%
-> Complement to 5 | Ous 9% | 14% | 8%
. LR 92% 14% 8%
self-paced learning — T T
0| LR 80% 56% 5%
5 FI 75% 68% 16%
Ours 92% 4% 10%
5| LR 86% 25% 17%
FI 84% 34% 19%
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Fairness

A Case Study of Integrating Fairness Visualization Tools in Machine Learning

Education
Authors: Afra Mashhadi, Annuska Zolyomi, Jay Quedado Authors Info & Claims 9 D eve I O p I n g fal r AI
CHI EA '22: CHI Conference on Human Factors in Computing Systems Extended Abstracts * Article No.: 37, Pages 1-7 assess m e nt -too I S | n -t h e

https://doi.org/10.1145/3491101.3503568

future requires educators to
emphasize machine learning
fairness for student
developers today

Check for updat
Published: 28 April 2022 Publication History 1R SEATEES

Fairness Check Fairness Radar

Equal opportunity ratio  TP/(TP + FN)

Predictive parity ratio  TP/(TP + FP)

precictive equalty ratl FP/(FP + T)
% e ™

Accuracy equality ratio (TP + TN)/(TP + FP + TN + FN)

Tools enabling students to
visualize, quantify and
explore algorithmic biases

Statistical parity ratio (TP + FP)/(TP + FP + TN + FN) acc

sssss

Figure 2: Dalex fairness comparison of multiple models.

Mashhadi, Afra et al. “A Case Study of Integrating Fairness Visualization Tools in Machine Learning Education. CH/ Conference on
Human Factors in Computing Systems Extended Abstracts (2022) https://dl.acm.org/doi/10.1145/3491101.3503568
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Bias

=> Developing student-led strategies Expert Systems
for incorporating Al in learning

methodologg to avoid bias. ORIGINAL ARTICLE (3 Open Access ) (®
Class integration of ChatGPT and learning analytics for higher
education

Miguel Civit ¥ Maria José Escalona, Francisco Cuadrado, Salvador Reyes-de-Cozar

ndividual
Task
Resolution,

First published: 21 August 2024 | https://doi.org/10.1111/exsy.13703

Concrete

> Experience
ndividual nared Class Video Lesson q Personal Video Lesson Personal Video Lesson Completed Class
Active Reflective Share 2 - —] | « — - = — " o
;}Lmﬁgs Experimentation Observation information Asignment Part A Quizz A PartB, C.... Quizz B, C,... Final Part Assignment Discussion

> >

e |, P } 4 : I

Conceptualization
Tutor/
NO Answgr - Al Perspnal Answgr ] Al Perspnal wos| Evaluation
Evaluation Tutoring NO Evaluation Tutoring -
Final Cylce
Analysis
; YES * YES| ‘ YES

Content
understood?

Content
understood?

Content
understood?
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Objectivity

Insights = BUTTON v  BUTTON ~

Learning analytics dashboards
integrated with LMS or

| w2 ) administrative tools provide data
that helps:

Drop off

BE Experiment Part 1

) Longte:

=> lIdentify trends in student
activities and performance

v BUTTON v BUTTON

Which screens are critical to learning? What are the interesting student groups?

=> Track student engagement

Success indicator screens

2 Low performance indicator screens

V

Identify essential/inessential
Screens with high time spent 77\41- Compu‘te‘r‘sin Tﬂf]rw;s:;li}ehavior e teaChing materials and |eSSOnS

Screens with low engagement

\ iini(ing learning behavior analytics and -> Provide justiﬁcation for
NN v BUTTON learning science concepts: Designing a o - 9 o o
\ learning analytics dashboard for feedback to Su bJeCtlve deC|S|0n- maklng

o support learning regulation
mart Sparrow digital

Gayane Sedrakyan ©® & &, Jonna Malmberg B, Katrien Verbert ° &, Sanna Jarvela &,
cim

Paul A. Kir



https://www.smartsparrow.com/

Accreditation

Use of Al
e Analyze curriculum and assess
alignment

e Provide detailed reports on areas
of compliance

e Suggest areas of improvement

e Use predictive analytics for
predicting future outcomes

™ | ARTIFICIAL INTELLIGENCE \

=\ | BOARD OF AMERICA

Benefits

Reduce administrative burden

Automate manual filing to
stay compliant with industry
requlations

Reduce human bias during
evaluation
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Enhancing Assessment with Learning Analytics

DataTEL, Big data Indicators, Metrics

/ Why? \

. What? L B
s 2 Objectives o=
= Data, Environments, Context S 8
¢ = 5 ’ ’ (e.g. Monitoring/Analysis, =3
E ‘q:_, 80 (e.g. LMS, PLE) Prediction/Intervention, Tutoring/Mentoring, & o
SE & Assessment/Feedback, Adaptation, s
S = Personalization/Recommendation, =
fragies )

Awareness/Reflection)

Learning Analytics

=

® How? Who? g
=)

= Methods Stakeholders ?
.20 o
@ (e.g. Statistics, Visualizations, (e.g. Learners, Teachers, Tutors, 3
o Data/Web Mining, Social Network Mentors, Institutions, Researchers, o

K Analysis) System designers) /

Integration, Performance, Constraints (Ethics,
Scalability, Extensibility Privacy, Stewardship)
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Enhancing Assessment with Learning Analytics

Adaptive learning, etc.

Sector
Transformation

Recommendation engines, etc.

Predictive models, intervention
management,

Organizational Data exploration tools,
processes, etc.

Transformation
Dashboards,

benchmarking, etc.

Standardized Data
Data warehouse,

data stores

Ordered Data

Data Data connectors

L



Insights
Persistence Predictions
Completion Predictions
Institutional Signals
Course Signals
Impact Analysis
Trend Analysis

Derivative-Based Insights

Likelihood
to Persist

e

Very High
High
Moderate

Low

)

Del Mar College Boosts
Graduates by 34 Percent

Customer Stories | Reading Time 4 Mins

Civitas Learning gives academic
institutions a complete picture of
their students

Looks at various factors: academic,
behavioral, engagement, financial data,
and more to generate predictions for
success

Persistence predictions and
Al-targeted interventions led to a 34%
boost in graduation rates for one
college.
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Developing Al
Software for
Education




What are the
potential pitfalls
of using Al in
learning and
assessment?

“We'’ve got a problem. I've turned it on

but | can’t turn it off again.”
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No Shortage of Al-Powered EdTech Tools

Research Tools Content Delivery
G\ ssssss sc it e_ Resﬁ;bk & presentations m {} synthesia
( ) ( )
Lesson Planning Assessment
@ Eduaide.Ai g%ﬁgb‘i_ T=ACHZRMATIC g proctorio | | aligradescope | | ALEKS
\_ J \_ v,
( )
Al Tutors/Assistants Learning Analytics

— b df 2
Khaenmigo Ol otterai Al tutor o regmboe B Leamosity [ €FOPP

J
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Adoption Among Teachers is Increasing

ChatGPT usage rate among American K-12 teachers, ChatGPT usage purposes among American K-12
2023 teachers, 2023

Source: Impact Research, 2023 | Chart: 2024 Al Index report
Source: Impact Research, 2023 | Chart: 2024 Al Index report

63%
60% C?mlng up‘ with _—
creative class ideas
51%
50%
2
o
o 40% g
& 2 Lesson planning
L]
2 2
& w
2 30% &
. Building back d
uilding backgroun "
knowledge 27%
10%
0% 10% 20% 30%
0%
2023-Mar 2023-Jul Usage rate
Figure 6.2.10

Figure 6.2.9
4 Al Index Report, Stanford University
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Current Trends in Using Al Tools

Content Creation - < Pedagogy Delivery > - ( Assessment Methods >

Design Learning Objectives e Flipped-classroom )
Curriculum Development ® Hybrid Learning

Outcome-based Approach e Peer Learning J
Automated and e Active Learning

Personalized Content e Project-based Learning )
Generation e Problem-based Learning

Multimedia Content e Experiential Learning )
Creation e (ase-based Learning

Content Curation and e |Intelligent Classroom °
Personalization Assistants °
Multilingual and e Multimodal Learning

Accessibility Support Experiences

Formative, Summative,
Diagnostic Assessment
Performance-based
Assessment

Self, Peer, Authentic, Portfolio,
and Ipsative Assessment
Criterion-based and
Norm-based Assessment
Automated Grading /Feedback
Learning Analytics and Insights
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Academic Inteqrity |

@ Student Perspective

“What are the key areas of focus
and concern for Gen Al?”

1. Academic integrity (54%)
2. Self-assessment (22%)

3. Immediate and diverse
feedback (13%)

\

Xia, Q., Weng, X., Ouyang, F. et al. A scoping review on how generative artificial intelligence transforms assessment in higher education. Int J Educ Technol High Educ 21, 40 (2024). https://doi.org/10.1186/s41239-024-00468-z
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Balanced Assessment

Teacher Perspective:

“What are the key areas of focus
| and concern for Gen Al?”

1. Balancing GenAl and human
assessment (26%)

2. Diverse and innovative
assessment (22%)

3. Teacher assessment literacy
(22%)

Xia, Q., Weng, X., Ouyang, F. et al. A scoping review on how generative artificial intelligence transforms assessment in higher education. Int J Educ Technol High Educ 21, 40 (2024). https://doi.org/10.1186/s41239-024-00468-z
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Disrupting Assessment

4 More interdisciplinary )
assessment Shifting Educational
6% Focus and Rethinking

@ Institutional Perspective:

learning objectives
9%

“What are the key areas of focus
| and concern for Gen Al?”

1. Disrupting traditional
assessment methods (43%)

2. New literacy and professional
development (27%)

3. Redesigning assessment

policies (15%)

\\ A

Xia, Q., Weng, X., Ouyang, F. et al. A scoping review on how generative artificial intelligence transforms assessment in higher education. Int J Educ Technol High Educ 21, 40 (2024). https://doi.org/10.1186/s41239-024-00468-z
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How Should We Address These Challenges

1.

Establish and enforce
clear guidelines for Al
usage.

Vs

Scale Levels and Descriptions

NO Al

The assessment is completed entirely without Al assistance. This level ensures that
students rely solely on their knowledge, understanding, and skills.

Al must not be used at any point during the assessment.

AI-ASSISTED IDEA
2 GENERATION AND
STRUCTURING

Al can be used in the assessment for brainstorming, creating structures, and
generating ideas for improving work.

No Al content is allowed in the final submission.

3 | AI-ASSISTED EDITING

Al can be used to make improvements to the clarity or quality of student created
work to improve the final output, but no new content can be created using Al.

Al can be used, but your original work with no Al content must be provided in an
appendix.

Al TASK
4 COMPLETION,
HUMAN EVALUATION

Al is used to complete certain elements of the task, with students providing
discussion or commentary on the Al-generated content. This level requires critical
engagement with Al generated content and evaluating its output.

You will use Al to complete specified tasks in your assessment. Any Al created
content must be cited.

FULL Al

Al should be used as a “co-pilot” in order to meet the requirements of the
assessment, allowing for a collaborative approach with Al and enhancing creativity.

You may use Al throughout your assessment to support your own work and do
not have to specify which content is Al generated.

\ Table 1 The Al Assessment Scale

Perkins, Mike, et al. "Navigating the generative Al era: Introducing the Al assessment scale for ethical GenAl assessment." arXiv
preprint arXiv:2312.07086 (2023).
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Developing Al Software for Education

VeriGuide™ is an Al-powered plagiarism
detection system that can detect human
plagiarism and Al-generated content.

Use Cases
1. Universities: Plagiarism Detection, Standardization
2. Publishers: Editorial Standards, Automate Reviews
3. Legal Services: Intellectual Property, Doc Originality

Key Features

1. @ Text Similarity Detection

2. @ Al Writing Detection

3. ] Readability Score for Assessment
4. @ Chinese Language Capabilities

L4 A
66.7% L
. ‘o
\
of the Likely by Al
Details
Is the Predicti
Chunk Scol
Correc t?
Using to read the
social media to tell us how we feel in a classroom setting
mpl
t whi
e e o oo . Human v
ol expresad i in ¢ ®0
i to read the i of students in a 't valuable b se | t don’t see it as
helpful really and everybody has different emotions happy, sad, mad, or proud. So that is why | don’t think this technology can
help figure out emotions in a classroom.
Furthermore, relying solely on technology to gauge emotions in the classroom overlooks the fact that each individual
experiences a unique array of emotions, varying from happiness to sadness, anger, or pride. Emotions are complex and can be
P q 8y ying PP 9 P i il - ¢ ® 0
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Data Analytics

Comprehensive range of
chmaitonn & analytics generated by Al, such
AN s O3990 as WPM, vocabulary,

— v readability and more.

Visual Insights

2.
WPM @ Total Word @ {\  Highlight the major visual changes in

Use Al to enhance ovies Soon ey
teaching, not replace

content.
1720 77.5 (7th Grade) Scenes (47) @

human interaction. e = Il Nl T A T
, Transcript and Summa
P v ST N T S R e

« Auto-generated transcript helps users review ---- —
video content .

« Provides 5 to 9 high-level overviews and key
ideas for the video E-E

« A navigable summary with video timestamps
allows users to jump to specific sections

» A paragraph-based summarization enables E
quick scanning to grasp the overall content

4 shot(s) in this scene

1 heytramo(s) in this shot
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Developing Al Software for Education

The Al-Served Assessment Platform

(ASAP) helpers teachers analyze multimedia
teaching materials for better performance.

Use Cases

1.

Teachers: Improve Lesson Delivery, Evaluate
Student Progress, Automate Content Generation
Universities: Review Teacher Performance, Analyze
Teaching and Student Activity

Key Features

1.

2.
3.
4,

il Powerful Al Analytics for Text, Audio, Video
Auto Q&A Generation from Teaching Content
@@ Al Video Analysis with Performance Feedback
% Auto-Transcripts and Keyword Identification

uuuuuuuuuuu

® Moode (LMS)

® Open EdX (LMS)

Summary

The analysis of the collection

© Summary Checklist

[0 1/3 Importat least three teaching videos.

1/1 Import one LMS data (Moodle / Open EdX / Gourse Metadata)

Overall Sentiment

@series-1

WPM WPL
120 25850

Student Feedback

Vocabulary
3500

sssssssssss

® Open EdX (LMS)

@ Teaching Video

B Course Metadata

Named Entities @

Locations (11)

HongKong  United States  Virtual camy

uuuuuuuuuuuu

cccccccc
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https://docs.google.com/file/d/1oB_87yr3Xl-x4GWVwQlsxDogwiLkjNLa/preview

3.

Equip teachers with the
knowledge and resources
needed to prepare
students for new
assessment styles and an
evolving job market.

tle

®

feail

Asynchronous
Interviews

Remote interviews are the most
time and cost efficient.

Customizable
Assessments

Interviewers can determine their
own scoring weight parameters.

ChatGPT
Integration
Produces detailed feedback

such as Q&A relevance and
answer coherence levels.

Detailed
Analytics
Auto-generated reports make it

easy to record, discuss, and
share results.
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Developing Al Software for Education

Tellus is an Al interview and assessment '
platform built for enhancing teaching,
facilitating self-learning, and supporting
institutions. )

% &)

Q&A Releva

Use Cases
1. Teachers: Verbal Assessments, Lesson Feedback

2. Students: Interview Training, Career Prep
3. Institutions: Admissions Screening

© Ve uwua

Key Features : b
1. @ Al-Powered, Customizable Assessments

\‘ 2. (¢ ChatGPT Integration
\\ 3. il Comprehensive Analytics and Reporting

Suggested Keywerds 126
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https://docs.google.com/file/d/11NEqW-wyG8PNEl--GhbnHg89WqKie11i/preview

4.,

Equip teachers with the
knowledge and resources
needed to prepare
students for new
assessment styles and an
evolving job market.

nnnnnnnnnnnnn

Length

nnnnnnnnnnnn

AUTOMATED ESSAY GRADING (AEGIS)

e AEGIS streamlines assessment
by creating a one-stop essay
grading platform with Essay
Grader, Grammar Checker,
and Summarizer.

e The tool addresses some of the
common issues seen in
traditional assessment such
as subjective and delayed
feedback.
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Developing Al Software for Education

Automated essay grader
assists teachers in providing
comprehensive feedback with
its interactive feedback display.

It also supports customized
rubric generation for
assessments.

Key Features
€2 Customizable rubrics

2. ¢ Detailed feedback
3.~ One-click acceptance of
replacement suggestions

Essay Type
General -
Formality Level
General -
Audience
Knowledgeable -

Attributes to Grade
Organization and Development

Coherence and Cohesion

C

Style and Tone
Vocabulary

Content

Grammatical Range and Accuracy
Spelling

Reference

More Options

Writing Topic

Writing Topic

[sjelel Ne)

Competitiveness is seen 4 a positive quality for p

@ EssayGrader = GrammarChecker (3 Summarizer 7V} Rephraser

In many cultures, is regared as a good quality for individuals. It can affect people in a variety of
aspects, many of which are positive, with negative effects also possible to exist. Overall, whether the quality is
good or bad depends on which effects present on the pearticular person.

Competitiveness can positively affect people in many aspects. First, it can foster the motivation of people. If a
person wants to beat others in some fields such as work and stufy, he or she will be more likely to work hard in
orther to achieve the goal of outperforming others. Also, if a itive person

this result may bring a sense of achievement and increase the person’s confidence.

However, the quality of competitiveness may also have some negative effects. For example. it may makes people
more aggresive to others because they regard each other as competitors. In addition, people who are
competitive may fell more stressful than others, which will destroy their mental health. This is because

1 see and if they fail in any of the races, they will feel a
sense of failure, which can make them upset.

Whether competitiveness is a good or bad quality may depends on other personalities of a person. For people
who lacks motivation, it will be a positive quality since it can encourge them to be more hardworking and
therefore have more achievements. By contrast, for people who have a violence tendency. competitiveness will
be disastrous, which will make them even more aggresive. For people who are easy suffer from stress,
competitiveness may not be helpful, either, because it will bring more stress to them and make them feel
unrelaxed.

In conclution, competitiveness has multiple effects on individuals, but whether it is a good or bad quality varies
from person to person.

Basic Statistics

Item

Word Count

Sentence Count

Average Word Length

Average Sentence Length

Measure of Textual Lexical
Diversity

Readability

Number

19.25

71.38

51.89%

Organization and Development

Score: 25 -

Issue: Vague thesis; infomplete background.
Description: The introducfon presents a general
statement about competitfveness but lacks a clear,

compelling thesis that out)i
or direction of the essay.

Suggestion: Clarify and s
statement to provide a cle.

ines the main argument

engthen the thesis
r diection for the essay.

Highlighted Text: In many Fultures, competitiveness
is regared as a good qualit for individuals.

User options &
adjustments

Text
input

Feed

back

&
Statistics
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https://docs.google.com/file/d/1TMR6iEZVIPBCzBLfLUn7x-8MvcqgGxbn/preview

Industry Leaders Are Betting on Al

Pearson to debut Generative Al Study Released to 70,000+
Tools to university students students globally.
internationally

= 75% of respondents say
the tools are helpful or
very helpful to their
studies.
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Key Takeaways




Food For Thought

Number of Significant Machine Learning Systems by Sector, 2002-22
Source: Epoch, 2022 | Chart: 2023 Al Index Report
35
I n d u st rv I S g - 32, Industry
3
leading the way.
%’ 20
s
How is this historical shift 2o
shaping the future 5. .
im pact Of Al i n ed U Cati O n? 5 \ 1, Industry-Academia Collaboration
2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022

Al Index Report 2023 - Artificial Intelligence Index, Stanford.edu. Available at: https://aiindex.stanford.edu/report/
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Recap of Challenges

N\
N

S

1.

Assessment design is time-consuming and only one of a teacher’s responsibilities.

Assessments only view a snapshot of what a student can do at a single point in time.

One-size-fits all approach may introduce unintended biases into assessment.

Assessments can be inauthentic as they don’t include real-world contexts.

Assessments can be antiquated and assessing skills becoming obsolete.

68




Final Thoughts

e Al has revolutionary potential for personalizing learning experiences.
e Quality in assessment evolves with each iteration.
e Establish and enforce Al usage guidelines.

e Use Al to enhance content creation, pedagogy, and assessment, not

replace human interactions.
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Concluding Remarks

e Al has revolutionary potential for personalizing learning experiences.
e Quality in assessment evolves with each iteration.

e Use Al to enhance content creation, pedagogy, and assessment, not

to replace human interactions.

e Human-in-the-Loop matters!
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Final Thoughts

Al Assessment with learning analytics would be
continuous, timely, personalized, adaptive, scalable,
objective, fair, unbiased, multi-facets, private, secured,
cost-effective, etc. leading to successful learners,

educators, and institutions!
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“Education is not the
filling of a pail, but the
lighting of a fire.”

William Butler Yeats

20th-Century Irish Poet and Writer



E;s}—g g%@

" Thank youl!

Email me at:
irwinking@gmail.com

Website: keep.edu.hk
Email: info(@keep.edu.hk

Scan the QR code to learn more about KEEP'’s Al solutions.
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7z Join the International Neural
g;a,.r:! Network Society

Computational, perceptual, and brain-inspired since 1987

Your gateway to Neural Networks excellence .
Exploring NNs in hardware, software and wetware .

Discounts for IJCNN & OA to Neural Networks .

Nurturing and investing in young talent .




Professor Irwin King

FACM, FIEEE, FINNS, FAAIA, FHKIE

\\Rept. of Computer Science and Engineering
\ e Chinese University of Hong Kong

B.Sc. in Engineering and Applied Science, Caltech; PhD in
Computer Science, USC

Director, Centre for ELearning Innovation and Technology
(ELITE) and Machine Learning & Social Computing (MISC)

Lab

o  Pl,Knowledge and Education Exchange Platform (KEEP) and
VeriGuide

o  Associate Editor, Neural Network Journal (NN) and International
Journal of Data Science & Analytics (JDSA)

o  Former Associate Dean (Education), Vice-President for Education,
etc.

o  Vice-Chair, The ACM SIGWEB and WebConf Steering Committee

Research interests include Al, machine learning, social
computing, and data mining

Leading projects involving Al, including:

o VeriGuide and Al Writing Detector (AWD)
o Tellus

o Al Served Assessment Platform (ASAP)

o Virtual Teaching and Learning
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