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The Al Revolution

e Transforming healthcare

e New drug discoveries,
treatments, surgical approaches

e Risk: amplify bias

ARTIFICIAL
INTELLIGENCE

“A'New Age of Possibilitie

DeepMind CEO Demis Hassabis: ‘Al could cut
drug discovery from years to...”; how it is
changing medicine worldwide
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How Do Students Use Al?
e Alis like a black box

e Outputis often accepted without
question

e Student Panelists: Brown University
Al-a-Thon, March 2026

e Homework and Learning

o Positive: Generating math problems
for extra practice

o Negative: Al summary in place of
reading

e Are the students thinking critically?



Al Impacts on Youth

e Rising dependenc
g dep y AI use among youth raises concerns over

o Cognitive decline cognitive decline and learning dependency
P Deep fakes and CO-EDP, VisionRI | Updated: 06-04-2026 07:35 IST | Created: 06-04-2026 07:35 IST
bullying

youtube.com

Kentucky is suing
Character.Al after two teen
suicides were linked to the

e Poor advice

o Harmful decisions

« Need to W platform
Apr 10, 2026
understand how Al
works Megan Garcia via

Associated Press

e Critically evaluate



How do we teach students to
critically evaluate Al?
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Data Science, Al in You (DSALIY) in Healthcare

Semester-long high school course

Real-world Al-a-thon/datathon
workforce experience

Introduces the machine learning
process, bias in Al, Python and
developing and testing models

No statistics or coding needed

Teachers

o 4 days of PD

o Monthly support meetings

o Continuous technical support
Scaffolded on Scoutlier

Unit 2 published in “The Science
Teacher”

Jessen Eller et al. (2026) Increasing Data Literacy in High School Students Through Data Science and Healthcare: Part 1
of 2 Leading to Al Instruction The Science Teacher 93(2), pp. 54-63, DOI: 10.1080/00368555.2026.2626051


https://www.scoutlier.com/

Who DSAIY Reaches

e 800+ students across Rhode Island
e 11 teachers, varied settings
e Wide range of prior experience

e From CS pathways to freshman intro
courses

e Al healthcare, and social impact




Machine Learning Process

Data Preparation Madeling

1. Dota retrieval AT -
Dat (") - ’_1

ata 2. Data cleaning
. Deployment
Collection ’ ’ 4. Assess 2. Traln the L J
3. Feature Selection performance model
4. 5plit the data L b

predictions




Value

From Graphs to Models (Point A — Point B)

A simple bar graph

Point A: Basic Graphing

+ Code + Text

concavity_mean
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Point B: Evaluating Models
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Capturing Student Interest with Real-World Al

Medical Priority

Please Sign In Below

Medical Priority Medical Priority

o Al triage decisions

Please Sign Tn Below

Mo

Please Sign In Below

Biocding?

35-60 no

35-60 -

no =

e Same symptoms,

different outcomes

no

Race?
W no - MNHPT - no -

e Reveals hidden bias

chest -

male - chest - fernale - chest - male -
Pain Type
Achy - Achy - Achy -
Sign In Sign In
Thank you! Your priority is: Thank you! Your priority is:
Normal Return Later

NHPI: Native Hawaiian
Pacific Islander

References:
Code.org Medical Priority App (Al & ML unit). Note: This App is no longer used
Eller, K. J. (2025). Data science, Al, and you in healthcare: Teaching students about medical data bias. @Concord, 28(2), 4-6.



https://concord.org/newsletter/2025-winter/data-science-ai-and-you-in-healthcare-teaching-students-about-medical-data-bias/

Scaffolding Learning with Classroom Supports

e Reinforce
foundational
concepts

e Visual reminders for
students

e Support data-driven
thinking

Scatter Plots

10

Look for relationships
between two variables. Can
run statistical tests to show

correlations.

Continuous

“No Gaps”
e.g. The amount of
oxygen in your blood

What is Data?

Information

Numbers
e.g. Temperature, Age,

Box Plots

Usually used to visualize
differences between the median
of different groups. Plus, it shows
data distribution, range and
individual outliers.

A type of bar chart
without gaps that
shows data distribution.

B

)

:2 4 6 8 8
Scatter Plots

Categorical (Groups)
“Yes Gaps”

e.g. COVID Fast Test

yes or no

BIG DATA

Not Numbers
Text, Pictures

Bar Gréphs (Charts)

Usually used to visualize
differences between the average
(mean) of different groups.
Statistical tests can be used to

prove differences.

-

1 2 3 Normal 4 5 6 0

Box Plots
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2
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Bar Graphs (Charts)




Teaching Students to Read and Question Graphs

NYT “What’s Going on in This Graph?” e g
Simple prompts
o What do you notice?
o What do you wonder?
e Deeper questions
o |s data clustering?

o What is driving patterns? : @
o Who is represented, missing? | = .
e Simple graphs to analyzing and ﬁ &~ &
. . . . . ; * oA
questioning complex visualizations g o &
e Visualization: foundation for machine o S »gwf
learning %" it o D

https://www.nytimes.com/2025/05/01/learning/whats-going-on-in-this-
graph-may-7-2025.htmi



CODAP: Making Data Exploration Accessible

I [=~+| Getting started with CODAP

e @ B LI @

=
Tables Graph Map  Slider Calc Text  Plugins

. CODAP, a free
online tool, to

cases (27 cases)

Llr- Mammal | Order LifeSpan | Height Mass Sleep Speed Hi
I d e]x Aﬁ.'ic... Probosc... 70 4 6400 3 40 Ia
explore datasets e
& Bottl... Ceta‘.:ea 25 35 635 5 37w
. Int era CtiV e an d Welcome to CODAP . e B N :
M Figure out how to accomplish each of
Vlsual these basic CODAP tasks: ’

°
b SU ppO rtS rapld O = Drag this data file into CODAP Show g ¢
me. :
me. g 3
M O Make a graph Show me.
eXp I O ratl o n (JMove a table or graph Show me. j A 4
(O Drag an attribute to a graph's axis Show me. J

(O Drag a 2nd attribute to a graph's axis Show

o 10 20 30 &0 B0 60 70 a0 o0
me. = _
L LifeSpan

hitps://codap.concord.org / Common Online Data Analysis Platform



https://codap.concord.org/

Value

From Graphs to Models (Point A = Point B)

A simple bar graph

Point A: Describe Data

+ Code + Text

concavity_mean
=

0.20

concave points_mean
=

0.00

10 2 0 20 L] 5 100 150 200 O 1000 2000 3000 005 010 015 00 02 04
radius mean texture mean perimeter mean area_mean Smoothness mean compactness_mean

Point B: Evaluate Models
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Feature Selection

Feature Discriminatory Power This infographic demonstrates how visual distribution pattems—specifically overlap
and skewness—reveal the “separability” of data classes. By comparing histograms
(The Overlap TeSt) and boxplots, practitioners can identify which features effectively distinguish

between target classes (strong features) and which do not (weak features).

° Co m pa e Low Overlap = Strong Predictive Feature High Overlap = Weak Predictive Feature
Identifying Distribution Symmetry & Skew

mm Class A

distributions a——

- Look for
Ove rI a p Distinct distributions with little intersection indicate Significant intersection (blended
a feature that easily separates different classes. Symmetric (Normal) histograms/overlapping boxplots) suggests the

: e enocias feature cannot reliably distinguish between classes.
° I d en t | fy ' Distribution

| A balanced bell curve where
| the median is centered ‘

Stro n g perfectly within the boxplot. |_-_|
pred icto rs Class A Class B

Boxplots clarify overlap by showing if the |
interquartile ranges (IQR) align or stay distinct. ‘
\

mm Class A
mm Class B

Right (Positive) Skew

The distribution tail extends
to the right; the boxplot ‘

| - | median sits toward the left.

The distribution tail extends
to the left; the boxplot
median sits toward the right.

Left (Negative) Skew Class A Class B
\

o

A NotebookLM
——




Building Toward Prediction

. Scatterplots reveal
relationships

- Line of best fit
shows trends

. Correlation
measures strength

What is the likelihood that your prediction
is correct?

i.e., 84% of the variance

iny is explained by x.
Below 30% means little
correlation. Above 95% .

means high correlation.

Number of Infections

LINE OF BEST FIT
If you only had data on
X, this line provides your
best estimate of y. If the
fit is strong, x could be

used to predict y.

“R2=(0.84

95% CONFIDENCE BAND
shows where the true regression
line is likely to be.

It creates two curves (upper and

lower around your line of best fit.

) /, The band is narrowest in the middle
I s of your data and wider at the edges.

If you repeated the study many
P times, about 95% of those bands

'5\"‘-\.‘//6 would contain the true line.

//

H // [ ]
Maonths
X




From Reading Graphs to Evaluating Features

o

2 diagnosis
& M
— B

Value
= — N w B~ (@, ] (@3] ~d
1 1 1 1 1 1 1

l
A B » 5 10 15 20 25 30

radius_mean

BEFORE AFTER
Which is bigger? Does this separate?



Where Bias Enters the Machine Learning Process

Human decisions shape every stage

[ Data collection J [ Data preparation } LFeatumsg J Evaluation &

l J\ | l ]Lm;l dep]y gl

Who is missing? What is removed? What matters? What patterns Who benefits,
are learned? who bears risk?




The Pulse Oximeter Problem

low concentration high concentration

Why it's a problem that pulse oximeters dont work

as well on patients of color

Mew research ties inaccuracies in pulse oximeter readings to racial disparities
in treatment and outcomes.

low absorption high absorption | Measurement Error |

how equipment works .com

e Uses light to estimate blood oxygen

o Skin pigmentation can affect readings

e Can overestimate oxygen and delay care

References: Sjoding et al. (2020) Racial Bias in Pulse Oximetry Measurement. Gottlieb et al. (2022) Assessment of Racial and Ethnic Differences. Matos et
al., (2023) Shining light on dark skin: Pulse oximetry correction models



https://www.nejm.org/doi/full/10.1056/NEJMc2029240
https://jamanetwork.com/journals/jamainternalmedicine/fullarticle/2794196
https://ieeexplore.ieee.org/document/10175316

Pulse Oximeter Experiment

e Students collect their own data
[# 0]
e Observe variability
r—
e Question measurement EI %
¥
accuracy c
E ]
o
-
g
m ¥
of

o3 P 5 9 W7 ¥ ] 100
Blood Oxgyen (% ) inital

Jessen Eller, K., Larson, A., Price, E., Jackson, B., Hendrik, L., Cassidy, M., & Celi, L.A. (In press). Increasing Data Literacy in
High School Students Through Data Science and Healthcare: Part 1 of 2 Leading to Al Instruction. The Science Teacher




Pulse Oximeter Investigation: Classroom Results

Hypothesis: Skin tone will impact pulse oximeter oxygen readings

ﬁﬁﬁﬁﬁﬁ

QQQQQQ
BBBBBB
ﬁﬁﬁﬁﬁﬁ

[-AR-AN-AN-AN-A0-A 8]
S5 |13(5|5|5|5|3 =R
Qe v a v u|a %

70 75 80 85 a0 a5 100

Oxygen (%)

Outlier removed

(human error)

Oxygen (%)
: 5 3

75 80 85 920 95 100

Oxygen (%)

resting

+ [

@ +
2% =

Oxygen (%)
@

Exercise decreased oxygen

Possible trend
with skin tone

Conclude: Skin tone does not impact oxygen readings, but sample size was small



Pulse Oximeter Investigation: Al-a-thon Results

cotor lse wge
Scale tobics? | .refAfter | ..tsfmin.] | .n(%)
T e T s
15 hriw.. | AFTERL. 1 %
-5 hrjw._ | AFTER1_ AL 9%
15 hriw.. | AFTER1. 0
15 hrjw._ | AFTER1_ | ag e D‘ +
T-20hr.. AFTERL. 0
15 hrjw._ | BEFOR_ ag
T-20 hr.. . BEFOR.. o8
610hr  BEFOR. %
1-5 hrjfw... | BEFOR_. 2%
T-20 hr.. | BEFOR.. 100
TN-20 hr.. - BEFOR_ 9%
610 hr_ BEFOA_ 0 ™ = o0 o
> Oxygen (%)

=

Outlier removed
(human error)

-HH--H- + 105
100 seses ssaves
sssssnens L .
Ll 1L Ll
se
70 80 o0 no 20 =0 * ol
Oxygen (%6) e
0 o
a5
BEFORE (3t rest) AFTER 1M
Before/After
Color Scale

No change in oxygen
levels due to exercise

no

Oxygen (%)=-0.06 (Color Scale) + 98.4
r’=0.002

Oxygen (%)= 0.151 (Color Scale) ~ 97.5
rt=0.021

No change in oxygen
levels with skin tone.




Seeing the Person Behind the Data

e @ 2B [ @
- -
Tables Graph Map Slider Calc Text  Plugins
m‘ B People from NHANES TElE
2
How many people? people (1200 cases) 515 498
get 1000 people Race Weight  Height |BMI |Systolic | Sodium Cf o0
(kg) (em) ~maZ)| _m*Hg) _mol/l) _i
9 White 873 1615 335 132 143
. 5 White 526 m 18 3 139 .
SULuE Y options 4 Other H._ 597 1675 213 122 145 5
5 Black 1088 1726 365 138 15
challenges about 5 Black 93.9 1891 263 n7 141 T
1 Black 693 157 281 123 139
2 White 504 1565 243 89 141 200 + +
. . 6 Black 1246 1638 464 ne 140 + E3
Options for madifying the random sample: B Black 761 726 =5 168 143 _ .
4 OtherH.. 733 1659 266 122 140 ﬁ +
Choose an age range: 3 Black 56.1 812 216 28 139 2 150
3 Black 757 1798 234 103 144
Etol:l 9 Black 547 1479 25 105 139
9 Black 1029 1807 315 131 1% 100
Choose the attributes you would like to 7 Mexican. 19 1816 361 ns 143
sample from the lists below: Elicthenins 101 156
7 OtherH._ 689 1528 295 104 H
» Demography 2 OtherH.. 651 163.2 244 26 138 50 Sex: Femalk &
v Bod " 1 OtherH._ 866 1783 272 149 Iron: 62
2 n"leasurer.nen z 8 Black 53.4 1671 191 97 140 sample: 3
Weight (Weight, kg) 5 Black ms 1774 354 130 140
[J Waist (Waist Circumference, cm) 1 Otherin_ 777 1648 286 158 143 o
O Reclen (Recumbent length, cm) 4 Black 483 1635 181 107 139
Height (Height, cm) 7 White 1004 1634 376 4 1% Female Male
BMI (Body mass index, kg/m"2) v = S— N> Sex

Real healthcare dataset (NHANES) in CODAP

Click a data point to view an individual record

Connect data to real people

National Health and Nutrition Examination Survey (NHANES)



https://www.google.com/search?q=National+Health+and+Nutrition+Examination+Survey&rlz=1C1CHBD_enUS1173US1175&oq=what+is+NHANES+data&gs_lcrp=EgZjaHJvbWUqBwgAEAAYgAQyBwgAEAAYgAQyCAgBEAAYFhgeMggIAhAAGBYYHjIICAMQABgWGB4yDQgEEAAYhgMYgAQYigUyDQgFEAAYhgMYgAQYigUyDQgGEAAYhgMYgAQYigUyBwgHEAAY7wXSAQg0MDQ0ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8&mstk=AUtExfCZSC8oEx1M4DW5GZAp8qzzLbN4LVeGK_fvaGmxIcUgwDVrbMLOuPEhUm7aPHQhNO_-sFYHHvPjZlP09W-sKkLwD-3GXp0fp-NuwgTr5_7cMzWTrVp8yFud7NwR05reVdArnV3Y-tGIbSY0LSrANtR18NFeX3ZlhzzTaqhbPN7oUSc&csui=3&ved=2ahUKEwjglo6t7eaTAxXnEFkFHXuOGLcQgK4QegQIARAB
https://www.google.com/search?q=National+Health+and+Nutrition+Examination+Survey&rlz=1C1CHBD_enUS1173US1175&oq=what+is+NHANES+data&gs_lcrp=EgZjaHJvbWUqBwgAEAAYgAQyBwgAEAAYgAQyCAgBEAAYFhgeMggIAhAAGBYYHjIICAMQABgWGB4yDQgEEAAYhgMYgAQYigUyDQgFEAAYhgMYgAQYigUyDQgGEAAYhgMYgAQYigUyBwgHEAAY7wXSAQg0MDQ0ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8&mstk=AUtExfCZSC8oEx1M4DW5GZAp8qzzLbN4LVeGK_fvaGmxIcUgwDVrbMLOuPEhUm7aPHQhNO_-sFYHHvPjZlP09W-sKkLwD-3GXp0fp-NuwgTr5_7cMzWTrVp8yFud7NwR05reVdArnV3Y-tGIbSY0LSrANtR18NFeX3ZlhzzTaqhbPN7oUSc&csui=3&ved=2ahUKEwjglo6t7eaTAxXnEFkFHXuOGLcQgK4QegQIARAB

Every Data Point Represents a Human Life

Outliers = Minority Populations
| /"4
|o 00000 o & @
The Standard Practice The Danger The Consequence
Standard statistical In healthcare databases like | Omitting them trains Al to
methods often encourage | MIMIC, these statistical only serve the majority,
data scientists to omit outliers frequently represent | permanently hardcoding
outliers to “clean” the minority populations, systemic bias into
‘training data. unique phenotypes, or downstream clinical tools.
complex edge cases.

« Data represents real people
* Qutliers are often underrepresented groups
 Removing data can remove representation



From Classroom Learning to Real-World
Application

e Cross-disciplinary, multi-
generational teams

e Real healthcare challenges

e Collaboration with experts

‘doctors who admitted they didn't know
anything about data sets working with
data scientists who were asking
questions about - the pulse oximefter,

was powerful for kids “
- DSAIY Teacher




What Students Walk Away With

e Stronger data reasoning

o Ability to evaluate
models

e Increased

o interestin related
careers

o confidence in
collaboration and
presenting results

o awareness of risks
and bias in Al

T would like to explore more with the health pathways
because before, [ used fo think of tech as video games
and stuff like that. But there's a lot more tech in
healthcare.” - student quote



Why This Works

e Real-world context
(healthcare)

e Scaffolded progression

e Collaborative Learning




Al Literacy Begins with Data Literacy

e Start with data, not code
e Build toward machine learning

e Emphasize questioning and
evaluation

e Focus on real-world decision-
making

‘Bias in data affects everyone.”
T learned AI can both help and harm”
- student quote




Preparing Students for an Al
World

e Understand how Al works
e Question outputs, not just use them
e Recognize bias and limitations

e Make informed, responsible decisions




	Teaching Youth to Critically Evaluate AI in Healthcare�While Learning Data Science and Machine Learning Skills
	The AI Revolution
	How Do Students Use AI? 
	AI Impacts on Youth

	How do we teach students to �critically evaluate AI?
	Data Science, AI in You (DSAIY) in Healthcare

	Who DSAIY Reaches
	Slide Number 8
	Slide Number 9
	Capturing Student Interest with Real-World AI
	Scaffolding Learning with Classroom Supports
	Teaching Students to Read and Question Graphs

	CODAP: Making Data Exploration Accessible

	Slide Number 14
	Feature Selection
	Building Toward Prediction

	From Reading Graphs to Evaluating Features
	Where Bias Enters the Machine Learning Process�Human decisions shape every stage�

	The Pulse Oximeter Problem
	 Pulse Oximeter Experiment
	Pulse Oximeter Investigation: Classroom Results
	Pulse Oximeter Investigation: AI-a-thon Results
	Seeing the Person Behind the Data
	Every Data Point Represents a Human Life
	From Classroom Learning to Real-World Application
	What Students Walk Away With
	Why This Works
	AI Literacy Begins with Data Literacy
	Preparing Students for an AI World

