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Overview

State of teaching and learning Al in K-12 Education
— Early and ongoing effort

AN

([

Data science in Al for school education

How data can be further integrated in Al lessons to
support students learning.
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The rapid growth and

adoption of Al

The Age Of AI h as begun technology in recent
years is just the

Artificial intelligence is as revolutionary as mobile phones and the Internet. beginning

N

GatesNotes ...

A NEW ERA

By Bill Gates | March 21, 2023 « 14 minute read

The future of Al: What to expect in the next 5 years

Al's impact in the next five years? Human life will speed up, behaviors will change and
industries will be transformed -- and that's what can be predicted with certainty.

g, By Michael Bennett, Northeastern University Published: 25 Jan 2024
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Why teach Al at K-12 levels

- educational: future learning; support
learning of other subjects

- personal : Career readiness, critical
thinking

- broader societal benefits: social
good; citizen empowerment

UEF// University of Eastern Finland




Y-
g

R

Teaching Al in K-12

Five Big Ideas In
C . Computers perceive the world using sensors. Perception is the
Artlﬂ(:la, ,nte”lg en Ce @ procere)ss of FeJextrac'(ing meaning fro?n sensory signzls. Making

computers “see” and “hear” well enough for practical use is
5. Societal Impact one of the most significant achievements of Al to
Al can impact society in both positive and date.
negative ways. Al technologies are
changing the ways we work, travel,
communicate, and care for each
other. But we must be mindful of the
harms that can potentially occur.
For example, biases in the data
used to train an Al system could
lead to some people being less well
served than others. Thus, it is
important to discuss the impacts
that Al is having on our society and
develop criteria for the ethical design
and deployment of Al-based
systems.
4. Natural Interaction
Intelligent agents require many kinds
of knowledge to collaborate and
interact naturally with humans. Ideally,
agents will converse with us using natural
language, draw upon cultural knowledge to
infer intentions from observed behavior, and
respond appropriately to body language, facial

1. Perception

2. Representation & Reasoning
Agents maintain representations of the world
and use them for reasoning. Representation
is one of the fundamental problems of
intelligence, both natural and artificial.
Computers construct representations
using data structures, and these
representations support reasoning
algorithms that derive new information
from what is already known. While Al
agents can reason about very complex

problems, they do not think the way a
human does.

3. Learning

Computers can learn from data. Machine
learning is a kind of statistical inference that
finds patterns in data. Many areas of Al
have progressed significantly in recent years
thanks to learning algorithms that create new

Co'h da‘z- representations. For the appro§ch to succefed,
Pute gro™ tremendous amounts of data are required. This “training
! : : ’s can |earn
expressions, and emotions. Advances in deep neural

data” must usually be supplied by people, but is sometimes
networks such as large language models and convolutional acquired by the machine itself.
neural networks are making this possible.

o—

 — This work is licensed under the Creative Commons
The Al for K-12 Initiative is a joint project of the Association for the Advancement of Artificial Intelligence (AAAI) A I 4 K1 2 ibution-NonCommercial-Sh lik
and the Computer Science Teachers Association (CSTA), funded by National Science Foundation award DRL-1846073 org

Al4K12.or
UEF// University of Eastern Finland or8g
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Integrating Al and Machine Learning in Software
Engineering Course for High School Students

Sperling, Ahuva

Leo Baeck Education Cent
Haifa, Israel
97248300500
asperling@leobaeck.net

ABSTRACT

This paper describes a unique software engineering curriculum for
high-school students that includes subjects in artificial intelligence
and machine learning. The students in the course deal with the
implementation of solutions to riddles and games (complex
algorithmic problems), use the DrRacket functional programming
language as a tool that supports their comprehension and thorough
understanding of blind search algorithms, informed search
algorithms, search games trees and machine learning algorithms.
During their studies, the students engage in self-learning,

UEF// University of Eastern Finland

0

Lickerman, Dorit
Leo Baeck Education Center
Haifa, Israel
97248300500

dlickerman@gmail.com

2. LEO BAECK EDUCATION CENTER

The Leo Baeck education center in Haifa was founded in 1938 for
children who had survived the Holocaust. Its pluralistic approach
is committed to democracy, egalitarianism and human rights, as
well as to the teaching of the living values of progressive Judaism
which inspires social change and imroving the world. The
education center is one of Israel's finest institutions for academic
excellence and it also promotes community outreach and social
action.
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AN INTRODUCTION TO MACHINE LEARNING FOR STUDENTS IN SECONDARY
EDUCATION

\ Steven D. Essinger, Gail L. Rosen

Drexel University
Department of Electrical & Computer Engineering
3141 Chestnut Street
Philadelphia, PA 19104

ABSTRACT

We have developed a platform for exposing high school stu-
dents to machine learning techniques for signal processing
problems, making use of relatively simple mathematics and
engineering concepts. Along with this platform we have cre-

ated two example scenarios which give motivation to the stu-
Thn

ndavluinge thaie cnlitinne

Annte Fre lanenine tha thaneo s

An Action Research Report from a Multi-Year Approach to

Dr. Clint Heinze

Teaching Artificial Intelligenie at the K-6 Level
ne!

J aase and Helen Higgins
Air Operations Division nchester Primary School
Defence Science & Technology Organisatio epaktment of Education & Early Childhood Development
alia Mooroolbark, Victoria, 3138, Australia

Fishermans Bend, Victoria, 3207,
clinton.heinze @dsto.defenc

Abstract

In Australia, the Scientists—in—Schools program partners pro-
fessional scientists with teachers from K-12 schools to im-
prove early engagement and educational outcomes in the sci-
ences and mathematics. An overview of the developing syl-
labus of a K-6 course resulting from the pairing of a senior
Al researcher with teachers from a K-6 (primary) school is
presented. Now entering its third year, the course introduces

haase.janet.e @edumail.vic.gov.au

(CSIRO) and it:

tha hacie concante uneahnlary and hictary of ecience cener.

the brain [3]. While this class of methods undoubtedly em-
ploys coarse approximations of actual neuron function, they
have shown tremendous success in several ML applications
[4].

A few examples of ML applications include speech recog-
nition aka natural language processing, image processing
such as face detection, DNA sequence classification, financial

monwealth Scientific and Industrial Research Organisation

“... promotes science education in primary and secondary
schools, helps fo engage and motivate students in their
learning of science, and broadens awareness of the types
and variety of exciting careers available in the sciences.”—
Dr. Jim Peacock, Australia’s Chief Scientist 2006-2008
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What students should know and should be able to do.

Big Idea 1:

Perception

* Sensing \

Living things, Computer
Sensors, Digital
Encoding

* Processing
Sensing vs. Perception,
Feature extraction,
Abstraction pipeline:
Language, Abstraction
pipeline: Vision

* Domain Knowledge
Types of domain
knowledge, Inclusivity

Big Idea 2:

Representation
and Reasoning

Big Idea 3:

Learning

Big Idea 4:

Natural
Interaction

/

* Representation
Abstract, symbolic
representation, data
structure, feature
vectors

* Search
State spaces and
operations,
combinatorial search

* Reasoning
Type of reasoning
problems, reasoning
algorithms

~N

* Nature of learning
Human vs machine,
finding patterns in data,
training models,
constructing vs using
reasoners, adjusting
internal representation,
learning from
experience

* Neural networks
Structure of neural
network, weight
adjustment

* Datasets
Feature set, large
dataset, bias

J

* Natural language
Structure of language,
ambiguity of language,
reasoning about text,
applications

* Common sense
reasoning

* Understanding
emotion

* Philosophy of mind

Big Idea 5:

Societal Impact

)

* Ethical Al \
Diversity of interests
and Disparate Impacts,
Ethical Design Criteria,
Practicing Ethical Design

* Al and Culture
Al in daily life, Trust and
Responsibility

* Al and the Economy
Impact of Al on Sectors
of the society, Effects on
Unemployment

* Al for social good
Democratization of Al
technology, Using Al
to solve societal

problems /

18.4.2024
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Al LITERACY

COMPETENCIES & DESIGN
CONSIDERATIONS

WHAT IS Al?

COMPETENCIES
1. Recognizing Al
2. Understanding Intelligence

3. Interdisciplinarity
4. General vs. Narrow

WHAT CAN Al DO?

COMPETENCIES
5. Al's Strengths & Weaknesses
6. Imagine Future Al

HOW DOES Al WORK?

COMPETENCIES
7. Representations
8. Decision-Making
9. Explainability
10. ML Steps
11. Data Literacy
12. Learning from Data

13. Critically Interpreting Data
14. Action & Reaction
15. Sensors

DESIGN CONSIDERATIONS
1. Explainability

2. Embodied Interactions

3. Contextualizing Data

WHAT SHOULD AI DO?

COMPETENCIES
16. Ethics

HOW DO PEOPLE
PERCEIVE Al?

COMPETENCIES
17. Programmability

DESIGN CONSIDERATIONS
4. Promote Transparency

5. Unveil Gradually

6. Opportunities to Program
7. Milestones

8. Critical Thinking

9. Culture

10. Support for Parents

11. Social Interaction

12. Leverage Learners’ Interests
13. Acknowledge Preconceptions
14. New Perspectives

15. Low Barrier to Entry

Long, D., & Magerko, B. (2020). What is Al literacy? Competencies and design considerations. In
Proceedings of the 2020 CHI conference on human factors in computing systems (pp. 1-16).

UEF// University of Eastern Finland
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YW Machine Learning Education Framework

For Transforming ML Consumers to be ML Contributors

N

Knowledge Skills Attitudes
General ML Knowledge: What ML Problem Scoping: When Interest
ML is how it is created can you vs. should you use ML
. . Identity & Community
Knowledge of ML Methods ML Project Planning
Creating ML Artifacts Self-Efficacy

Bias in ML Systems: ML

encodes and amplifies bias Analysis of ML Design Persistence

Intentions & Results
Societal Implications of ML

ML Advocacy — Critical, and Applicable for educating ML-
education community engagement engaged citizens and ML tinkerers.
with ML policies, products Extendable to technical education
' in ML.

Independent Out-of-Class N .
Learning *  Minimum requirements for ML-

engaged citizen —»tinkerer—»
researcher/engineer

Lao, N. (2020). Reorienting machine learning education towards tinkerers and ML-

engaged citizens (Doctoral dissertation, Massachusetts Institute of Technology).
UEF// University of Eastern Finland 18.4.2024 10
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Y Al Literacy and Competency
’ This ability is associated
with technology, impact
and ethics, and include
prompt engineering and
question skills

N

Three suggested topics
are future of work,
social good, and risks.

Collaboration

Technology

l J
| | |

Three suggested Five suggested ethical This ability is

topics are principles are fairness and associated with

basic components, biases; trust and cognitive and affective
perception and transparency; accountability; engagement.
applications. social benefit; and privacy

and security.

Chiu, K.F., Ahmad, Z., Ismailov, M & Sanusi, I.T. (2024). What are Artificial Intelligence
Literacy and Competency? A Comprehensive Framework to Support Them. Computers
and Education Open, 100171.

UEF// University of Eastern Finland 18.4.2024 1



Putting the frameworks together

Emphasized the knowledge of Al

.=:|§\_o.|

The need to engage effectively with Al applications

L

attitude including perception which highlights the perspectives of
stakeholders

L %

-’T-\ Ethical and societal implication of Al

UEF// University of Eastern Finland Author of the presentation, Name of the event 18.4.2024 12
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Curriculum Developing Al/ML Ethics Tools and the use Broadening Integration of Al Co-design with
activities techniques of diverse participation learning into teachers and
understandings pedagogies for other subjects teacher
(e.g., kNN, developing an preparation
decision trees) understanding
about Al
UEF// University of Eastern Finland Author of the presentation, Name of the event 18.4.2024 13



= Teachable Machine

New Project

Image Project

Teach based on images, from
files or your webcam.

#) Open an existing project from Drive.

3 Open an existing project from a file.

Audio Project

Teach based on one-second-long

sounds, from files or your
microphone.

Pose Project

Teach based on images, from

files or your webcam.

]%

Training Data

Class 1 /7

Add image samples

L
Webcam || Upload
<
Class 2 Vg

Add image samples

0) GenAlI Teachable Machine [ B Open

or drag images here from a
website or file

[ oy Save English

Input On

Webcam File Device

Training

Train classifier

@ Add more samples or classes
first

https://teachablemachine.withgoogle.com/

UEF// University of Eastern Finland

https://tm.gen-ai.fi/
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Doodlelt: A Novel Tool and Approach for Teaching How CNNs
Perform Image Recognition

Vaishali Mahipal
vaishali_mahipal@student.uml.edu
University of Massachusetts Lowell

Lowell, MA, USA

Ruizhe Ma

ruizhe_ma@uml.edu

Srija Ghosh
srijaghosh2023@gmail.com
University of Massachusetts Lowell
Lowell, MA, USA

Joseph E. Gonzales
joseph_gonzales@uml.edu

Ismaila Temitayo Sanusi
ismaila.sanusi@uef.fi
University of Eastern Finland
Joensuu, Finland
ismaila_sanusi@uml.edu
University of Massachusetts Lowell
Lowell, MA, USA

Fred G. Martin

fred_martin@uml.edu

University of Massachusetts Lowell ~ University of Massachusetts Lowell ~ University of Massachusetts Lowell

Lowell, MA, USA
ABSTRACT

To introduce middle school students to key concepts in image recog-
nition, we created an interactive web application that performs
sketch recognition and an afterschool curriculum for its use. Qur
app, called Doodlelt, was inspired by Google's Quick, Draw!, and
makes use of its accompanying open-source sketch library. With
Doodlelt, students make simple line drawings on a canvas area and
a previously-trained convolutional neural network (CNN) identifies
the object drawn. The application dynamically visualizes the dif-
ferent layers that are involved in the process of CNNs, including a
display of kernels, the resulting feature maps, and the percentage of
match at output neurons. We used Doodlelt in an 18-hour curricu-

Lowell, MA, USA

Lowell, MA, USA
KEYWORDS

Image Recognition, Convolution Neural Networks, Artificial Intel-
ligence, K-12 Students, Middle School Students, Kernels, Feature
Maps

ACM Reference Format:

Vaishali Mahipal, Srija Ghosh, Ismaila Temitayo Sanusi, Ruizhe Ma, Joseph E.
Gonzales_ and Fred G. Martin. 2023. Doodlelt: A Novel Tool and Approach for
Teaching How CNNs Perform Image Recognition. In Australasian Computing
Education Conference (ACE '23), January 30-February 3, 2023, Melbourne,
VIC, Australia. ACM. New York, NY, USA. 8 pages. https://doi.org/10.1145/
3576123.3576127

In Proceedings of the 25th Australasian computing education conference

UEF// University of Eastern Finland

Doodlelt

Filters

You can draw images of cat, sheep, apple, door, cake and triangle!!

Code-Name :

]

w

v

o

~

Choose a Challenge ~

b

-
IS

Feature Maps

-

Qutput Neurons

@—

https://www.cs.uml.edu/~fredm/DoodleltUpdated/LatestFiles:%20v2

18.4.2024
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ChemAlstry: A Novel Software Tool for Teaching Model Training
in K-8 Education

Fred Martin Vaishali Mahipal Garima Jain
fred. martin@utsa.edu vaishali_mahipal@uml.edu garima_jain@student.uml.edu
University of Texas at San Antonio University of Massachusetts Lowell University of Massachusetts Lowell

San Antonio, Texas, USA

Srija Ghosh
srijaghosh2015@gmail.com
University of Massachusetts Lowell
Lowell, Massachusetts, USA

ABSTRACT

Machine learning (ML) systems are increasingly in use in society.
For young learners to be informed citizens and have full career
potential it is important for them to understand these concepts.
To support this learning, we created “ChemAlstry,” an interactive
software tool for children which demonstrates training and classifi-
cation in machine learning. Students select which everyday items
are safe to bring into a chemistry lab (e.g., a lab coat is safe; pizza
is not). These selections serve as training input for a decision tree
classifier. After training, students see how the trained model per-
forms in classifying new objects. ChemAlstry was tested with 40
students aged 7 to 14 years al a public K-8 school. The sofltware
captured student selections during training. We analyzed these
interactions to yield a “Correspondence Score,” a measure of stu-

Lowell, Massachusetts, USA

Lowell, Massachusetts, USA

Ismaila Temitayo Sanusi
ismaila.sanusi@uef fi
University of Eastern Finland
Joensuu, Finland

ACM Reference Format:

Fred Martin, Vaishali Mahipal, Garima Jain, Srija Ghosh, and Ismaila Temi-
tayo Sanusi. 2024. ChemAlstry: A Novel Software Tool for Teaching Model
Training in K-8 Education. In Proceedings of the 55th ACM Technical Sympo-
sium on Computer Science Education V. 1 (SIGCSE 2024), March 20-23, 2024,
Portland, OR, USA. ACM, New York, NY, USA, 7 pages. https://doi.org/10.
1145/3626252.3630804

1 INTRODUCTION AND MOTIVATION

Artificial Intelligence (Al) is having an unprecedented impact on
society as the amount of data and processing capacity are expand-
ing quickly. The widespread deployment of Al in many different
disciplines and industries emphasizes the need to develop a work-
force with strong computing abilities and the capacity to work with

In Proceedings of the 55th ACM Technical Symposium on Computer Science
Education V. 1

UEF// University of Eastern Finland

Chemical Al Lab

FIRST NAME: Select your Grade v
Choose items that you can take into chemical lab

)
Cestfiry
s GLASSES

J » NAIﬁ:.ISH
HIGH HEELS LK. REMOVER

RAPH PAPER

TRAIN

https://engaging-computing.github.io/ChemAlstry/

18.4.2024 16
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COMPUTER SCIENCE EDUCATION % Routledge
https://doi.org/10.1080/08993408.2023.2175559 Taylor & Francis Group

ARTICLE a OPEN ACC ESS | M) Check for updales.

Learning machine learning with young children: exploring
informal settings in an African context

Ismaila Temitayo Sanusi(#?, Kissinger Sunday®, Solomon Sunday Oyelere©,
Jarkko Suhonen?, Henriikka Vartiainen® and Markku Tukiainen?

2School of Computing, University of Eastern Finland, Joensuu, Finland; bFaculty of Computer Science,
Dalhousie University, Halifax, Canada; “Department of Computer Science, Electrical and Space engineering,
Luled University of Technology, Skellefted, Sweden; “School of Applied Educational Science and Teacher
Education, University of Eastern Finland, Joensuu, Finland

ABSTRACT ARTICLE HISTORY
Background and context: Researchers have been investigating Received 15 March 2022
ways to demystify machine learning for students from kindergarten ~ Accepted 30 January 2023
to twelfth grade (K-12) levels. As little evidence can be found in the KEVWORDS

literature, there is a need for additional research to understand and Machine learning; data;
facilitate the learning experience of children while also considering young children; participatory
the African context. learning; informal settings;
Objective: The purpose of this study was to explore how young Africa

children teach and develop their understanding of machine learn-
ing based technologies in playful and informal settings.
Method: Using a qualitative methodological approach throu
fine-grained analysis of video recordings and interviews,
lysed how 18 children aged 3-13 years constructe
tions with a machine-based technolog

UEF// University of Eastern Finland

B RrESEARCH ARTICLE

IEEE Access

T P p—— IEEE EDUCATION SOCIETY SECTION

Received 11 March 2023, accepted 12 April 2023, date of publication 20 April 2023, date of current version 26 April 2023.
Digital Object Identifier 10.1109/ACCESS.2023. 3269025

Preparing Middle Schoolers for a Machine
Learning-Enabled Future Through
Design-Oriented Pedagogy

ISMAILA TEMITAYO SANUSI*', JOSEPH OLAMIDE OMIDIORA?, SOLOMON SUNDAY OYELERE -3,
HENRIIKKA VARTIAINEN?, JARKKO SUHONEN "', AND MARKKU TUKIAINEN 1

!School of Computing, University of Eastern Finland, 80101 Joensuu, Finland

?Faculté des Sciences et Technologies, Université de Lorraine, 54506 Vandeeuvre-lés Nancy, France

Fepartment of Computer Science, Electrical and Space Engineering, Luled University of Technology, 97187 Luled, Sweden
“#School of Applied Educational Science and Teacher Education, University of Eastern Finland, 80101 Joensuu, Finland

Corresponding author: Tsmaila Temitayo Sanusi (ismaila.sanusi @uef.fi)
This work involved human subjects or animals in its research. Approval of all ethical and experimental procedures and protocols was

granted by the Finnish Advisory Board on Research Integrity and the National Health Research Ethics Committee of Nigeria, and
performed in line with the ethical principles of research in the humanities and the social and behavioral sciences.

ABSTRACT Machine learning (ML) literacy has recently

18.4.2024 17



What have been the practices
regarding explicitly teaching about
data in the context of Al
education?

UEF// University of Eastern Finland 18.4.2024 18



Data is an integral element of Al
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Using data cards for teaching
decision trees
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4 )
Dark Chocolate
« Data modelling in ML
o Data |abe|||ng NMIonFacts(typlalvahoperm
Calories 52 kcal Calories 582 kcal
Fat 02g Fat 430g
® Te St d a t a of which saturated of which saturated
Fat 00g Fat 260g
Carbohydrates 138g Carbohydrates 370g
° 1 1 of which Sugars 11,0g of which Sugars 290¢g
T ra I n I n g d a ta Protein 03g Protein 6,7g
Salt 00g Salt 00g
N\ J . J

Podworny, S., Fleischer, Y., Hiising, S., Biehler, R., Frischemeier, D., Hoper, L., & Schulte, C. (2021). Using
data cards for teaching data based decision trees in middle school. In Proceedings of the 21st Koli Calling
International Conference on Computing Education Research (pp. 1-3).

UEF// University of Eastern Finland
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YN Introducing students to the full cycle of
a typical supervised learning approach

N

= supervised learning approach

d ” . ( Visualize A
- ata CcO ECtIOn L Enter data class dis-
Int;ztd;.lce Label the ;;::::;z onto a tribution
R samples . o spread- in the in-
- data entry, science features cheet dependent
. . . . variable
- data visualization, P ]
Calculate
Understand - -
feature engineerin data £ | “onthe || Buiau Sclect
eatu g g’ privacy Hﬂﬂa}i O e on the utld the <= the best
ocxercise train and maodel
and ) ; features
validation

L oy

- mOdel bUlldlng, consent

setl

"y

- model testing and data permissions

Srikant, S., & Aggarwal, V. (2017). Introducing data science to school
kids. In Proceedings of the 2017 ACM SIGCSE technical symposium
on computer science education (pp. 561-566).
UEF// University of Eastern Finland 18.4.2024 21
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Introducing students to ML with decision
trees using CODAP and Jupyter Notebooks

’

" Playing OnlineGames?
" ['frequently’, ‘rarely']
Predict Playing_OnlineGames = frequently L [32,21]
32 of 53, (80.4% ) Youtube LetsPlay?
Gender? Nr.1
male female
24 o 28 8 of 25, (32.0% frequently\rarely
{85.7%) Own_Computer?
requently (+) False True [20, 0] [12,21]
4 of 17 40f8 frequently Gender?
(23.5%) (50.0%) Nr.2 Ni.3

. Using Twitter B Using_Snapshat ll Using_mstagram

frequently (+)
: female \male
Youtube_MusicClips Youtube _LstsPlay
[4. 17] [8, 4]

Youtube_SportClips J Youtube_FashionBeauty rarely Own_Computer?

Own_Computer Dwn_GameConsole Own_Smartphone Nr4 Ne

TP =28, TN=13, FP =8, FN = 4 alse \True
rofrosh averything  refresh data omit data

Using CODAP with the Decision Tree Plug-In rz[;;l]y frec[;igmy

N8 Nr.9

Decision Trees created with the ProDaBi Decision Tree Jupyter Notebook

Biehler, R., & Fleischer, Y. (2021). Introducing students to machine learning with decision trees
UEF// University of Eastern Finland using CODAP and Jupyter Notebooks. Teaching Statistics, 43, S133-5142.



= Parachute Model  UNSAVED Version 2.0 (0331)

! 200 200 g / 146 718 089
2 10 800 =) 15 7 089
3 00 200 £ 154 7.06 089
158 202 089
162 699 089
166 695 0.9
v 69! 089

c
2 °
5 8
| D o s.. Q0o ..‘ '
Gettlng Started Click | Cfeazg‘;uE% Time 1 hors

This Is a model of a ball drop that allows you to experiment
with different object masses and different parachute sizes to i

Common Online Data Analysis Platform (CODAP)

https://codap.concord.org/

UEF// University of Eastern Finland 18.4.2024 23




Al MYDATA

0 Introduction to Al and Image Recognition.

@ Machine Learning Techniques.

e Data Creation, Exploration and Visualization.

e Ethical Implication of Al.

Sanusi et al. (2024). AT MyData: Fostering middle school students’
engagement with machine learning through an ethics-infused AI curriculum.

UEF// University of Eastern Finland 18.4.2024 24
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Pasta Land - Decision tree

* |ntroduces the idea of a decision tree classifier.
* “Unplugged” — no computers needed.
« Co-developed Fred Martin & Irene Lee, MIT and UTSA.

Lots of pasta

UEF// University of Eastern Finland 18.4.2024 25
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k-NN

2 4 SLLh (24 )

G 0 |
p\B( f WA ol ! Us? kNN to find the species of the 3 mystery ducks : e R

5 Muscovy

Use kNN to find the species of the 3 mystery penguins = oo L S S— N N

o 4\ Chinstrap = : : : | i
i |- I : ! b : : E - | i
e B e e e e ey o ‘\ USRS 0 [ o e & s e - &} --------- : Campbell
' - ' | 1 | ' 1 ' 1 1@ ' ! ; ! ! : ! i E
‘\ el o it | SRR Z,\ Gentoo | : : ; ; : ! i £
4 - ¥ s ' | I | | ' | 1 1 1 I 1 ! . C ! ! ! | i $
L P S MR R N ‘\ O e R ey ;' --------- s -meees C e B R e SIS Lol e o é
R o e P e U el A B S IT £ Adelie i : AL ; ‘ : : ~ Pekin
\ | : i i i i :
et e e R o ‘ F A ; ! : , 'é | oo J L
= i e e e SR L LS e : . : R A et e

: -
' ] ! '
- ¥ 1 ‘ i ' 7
' 1 ' 1 | I 1 i 1 ' | “/
1 J | 1 i ' ' ' St 1 1 i
e e pem sy~ - e Far r-- ~ b ey e e ey e e S
SR e e R NN
o i ' ' ' ' i ' ' T 1 ' I 1 1 i 1
S R PRI B R O e A e e e q
4 1 ' \ ' ' | ' 1 1 ' ' '
g ' ' ' i (e 1 ‘ ' ' ‘ '
' ‘ S | | 1 ' | ' ' | 1 '
A T I O ) Y e A T = S P = ) e i e ror o Yt
' R 4 ' ' ' ' i i 1 ' ' . ' ‘ ' 1 Jl; jQL 0
' ' 1 ' 1 ' ' ' ' 1 1 i ' 4 ' ' ' (A“
e B e e T B Bt e e ,\»r«-t—uq»-~»-
' 1 l ' ' ' 1 (P ' ' .{ i ' ' 1 N 9E/HQ
' ' ' ' ' ‘ ' 1 ' i ‘ ' ' ' 1 ' N

Worksheet completed by the students to understand k-NN concepts

UEF// University of Eastern Finland 18.4.2024 26
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How working with data can
further support children'’s
understanding of Al.
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Since the development of Al application entails the
knowledge of how data is prepared and handed, mere
reading and inferring from data may not be sufficient to
understand and create an Al system.
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“The best model is only as good as the data it
learns from.”

- Curtis Northcutt
Cleanlab
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Data-Centric vs Model-Centric

Model-Centric Data-Centric

Data-Centric Al is the discipline of
systematically engineering the data used to Bl DeEE Gl
build an Al system.

Al = Code\y( Data>
OpenAl has ‘open’ly stated that one of the biggest shift in focus
issues with Dall-E and GPT-3 is errors in the data and
labels used during training. https://landing.ai/data-centric-ai/

It's not the model, it’s the data! - Curtis Northcutt

UEF// University of Eastern Finland 18.4.2024
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Data-Centric Al

)
‘) Train Model > Error Analysis > Improve Data

I

Scope Collect Deploy in
Project Data

Production

Define Define and Training, Deploy, monitor,

project collect data error analysis, and maintain
and iterative system
improvement

https://landing.ai/data-centric-ai/
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Some observations
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\

Ml Tasks involved - Classification

= Classification

N

- audio or text classifier,
- facial expression recognition,
- face detection, object or speech recognition etc.

» Discussion centers on algorithms

» How do we prepare and process the data?
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‘M Modality of data

N

Modality of the data
= (audio, text, video, image, time series,
Geodata, etc.)

= Heavy dependence on image, audio & text

UEF// University of Eastern Finland 18.4.2024 39



YJ Data Collection

= Digital family photographs.

= Surveillance videos, tweets.

= Legislative documents.

= Eventlogs from computer systems.

= Sensor readings over time.

= Any other information in digital form.

What are the steps involved in data collection for an Al system? This may be important to
support students understanding of how Al operates.

UEF// University of Eastern Finland 18.4.2024 40




Data Modeling in Al

h v @ o

Data labeling Label quality Labeling strategy Cleaning of data
(e.g. image or text)
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\ 4 MIT
\ ’ Technology Featured Topics Newsletters Events Podcasts SIGN IN SUBSCRIBE
\ ’ Review

POLICY

When algorithms mess up, the nearest

* In many real-world ML applications, the human gets the blame
dataset ls nOt fixed! Alook at historical case studies shows us how we handle the liability of

automated systems.

By Karen Hao May 28,2019

e Errorneous data

» “Data and label issues plague the most-used

Al tech. e.g. Dall-E, ChatGPT” - Curtis
Northcutt.
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vl Training, validation, and test data
sets

Yo

= The need to further stress the value of training and test
datasets

- data modalities

= Understanding how to engineer data to build better Al

systems

UEF// University of Eastern Finland 18.4.2024 43



Conclusion
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\

‘M Some ongoing works

N

= Exploring empirical literature on how students understand
data and the kind of tasks involved which influence students’
understanding.

= |Investigating the implications of data comprehension
research for students’ understanding of machine learning and
for teaching machine learning concepts.

UEF// University of Eastern Finland 18.4.2024 45



Yl Some ongoing works

.oo.
| - s SICCSE
Integrating ML and data science In school @@ o vt Grove

subjects

What we are doing:

« Exploring a few machine learning software tools &

approaches LUMVI'}ESLSL
« Brainstorming connections between machine learning Learning with Purpose

to curriculum topics

* Prototyping idea for bringing machine learning to
students

« Teachers share experiences with colleagues and
program researchers
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We believe integration of AI across the
curriculum is the key and that data fluency
should be more incorporated into AI
lessons.
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Thank You

Ismaila Temitayo Sanusi

ismaila.sanusi@uef.fi
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