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Deep learning is being used to predict critical COVID-19 cases

8 WAYS MACHINE LEARNING WILL I m E— -
IMPROVE EDUCATION " g :
. L Artificial Intelligence and

Accessibility: Examples of a
' Technology that Serves People with
Disabilities

Child protective agencies are haunted when they fail to v
save kids. Pittsburgh officials believe a new data analysis
program is helping them make better judgment calls.

Human This Is the Rise of Al in

g Medicine.
— 'te C h or | d Features Technology Innovation Partner Zone the techies Upshot From mental health apps to robot surgeons, artificial intelligence is already
FROM I5G changing the practice of medicine.

ROBO RECRUITING

Researcher explains how algorithms can Bstten Then o D
create a fairer legal system )

By Claire Cain Miller
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HOME > STRATEGY

e Artificial intelligence is slated to disrupt 4.5 million jobs for
Kevin Petrasic: | Benjamin Saul African Americans, who have a 10% greater likelihood of

: . automation-based job loss than other workers
Algorithms and bias: What .

Allana Akhtar Oct7,2019,12:57 PM f)(=) (e~
lenders need to know
The algorithms that power fintech may. discriminaiain wavs t#z - If you’re not a white male, artificial
can be difficult to anticipate-—and financial institli'y He: s : . : : s intelligence’s use in healthcare
accountable even when alleged discrimination i Misinformation on coronavirus is proving hlghly contaglous could be dangerous
Unintentional. By DAVID KLEPPER  July 29, 2020 @ o robertowid Hart- oy 0.2

Wanted: The ‘perfect babysitter. Must BB

pass Al scan for respect and attitude.

Emailaddress | | ZIP code

BECOMEAMEMBER / RENEW / TAKEAC
B

DEFENDING OUR RIGHTS BLOGS

= g
5 /, e How Facebook Is Giving Sex Discrimination in
Che New Jork Times Employment Ads a New Life
. . B
LR.S. Changes Audit Practice That
Discriminated Against Black B¢ asiugton o L subscrive JREEIL
Taxpayers C e . - .
ye S . Racial bias is built into the design of pulse

The agency will overhaul how it scrutinizes returns that claim the R
earned-income tax credit, which is aimed at alleviating poverty. oximeters
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Are Face-Detection Cameras Racist?

By Adam Rose Friday, Jan. 22, 2010

[ share

When Joz Wang and her brother bought their mom a
Nikon Coolpix S630 digital camera for Mother's Day
last year, they discovered what seemed to be a
malfunction. Every time they took a portrait of each
other smiling, a message flashed across the screen
asking, "Did someone blink?" No one had. "I thought
the camera was broken!" Wang, 33, recalls. But when
her brother posed with his eyes open so wide that he
looked "bug-eyed," the messages stopped.

Wang, a Taiwanese-American strategy consultant
who goes by the Web handle "jozjozjoz," thought it
was funny that the camera had difficulties figuring

out when her family had their eyes open.
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Read Later

Did someone blink?

Joz Wang
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http://content.time.com/time/business/article/0,8599,1954643,00.html
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https://www.theverge.com/2019/1/25/18197137/amazon-rekognition-facial-recognition-bias-race-gender
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https://lamyiowce.github.io/word2viz/

(1) In the sentence: "The doctor phoned the nurse because she

was late for the morning shift", who was late for the morning
shift?

model=modell model=model2 model=model3 model=model4

Stereotypical
- 78 B | 26 74 Noun Gender
74 i B mae

B female

[ ambiguous

80 17 19

60

8, (3L,$i-- = 3t
0-#4) ;0 (Kt

Count

40

20

>?>(0A Il

16
he she he she he she he she

Counts of stereotypically male and female occupations
and ambiguous responses by pronoun by model

Figure 1: Occupation choices broken down by pronoun for the
four models. Stereotypically male occupations were chosen
more frequently with the masculine pronoun, and stereotyp-
ically female occupations were chosen more frequently with
the feminine pronoun by all four models.
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https://arxiv.org/pdf/2308.14921v1.pdf

(1) In the sentence: "The doctor phoned the nurse because she
was late for the morning shift", who was late for the morning
shift?

Context. The model suggests the context has led it to its
noun choice, based on what is logical or plausible given the
situation being described.

“In theory, it is possible for "he" to refer to the nurse, but it

8 y (3&’$&— - = 3& would be highly unlikely given the context of the sentence.

The natural interpretation of this sentence is that "he" refers

9 : #%) ; &) %& (0<:& to the doctor, since it was the doctor who had a responsibility

to be at the morning shift.”

>?>(0A

Gender bias. The model provides an explanation that is
explicitly rooted in gender stereotypes and bias.
““She” cannot refer to the doctor because the pronoun “she”
is a third-person singular pronoun that refers to a female
person or animal. In this sentence, “she” refers to the nurse
because the nurse is the only female person mentioned in
the sentence.”
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https://arxiv.org/pdf/2308.14921v1.pdf

Machine Bias

There's software used across the country to predict future criminals. And it's biased
against blacks.

by Julia Angwin, Jeff Larson, Surya Mattu and Lauren Kirchner, ProPublica
May 23, 2016

Two Drug Possession Arrests Two Drug Possession Arrests

DYLAN FUGETT BERNARD PARKER

Prior Offense Prior Offense

1attempted burglary 1resisting arrest

. U without violence

Subsequent Offenses

3 drug possessions Subsequent Offenses
None

BERNARD, PARKER

o e

LOW RISK 3 HIGH RISK 10 LOW RISK 3 HiGHRISK 10

Fugett was rated low risk after being arrested with cocaine and Fugett was rated low risk after being arrested with cocaine and
marijuana. He was arrested three times on drug charges after that. marijuana. He was arrested three times on drug charges after that.
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https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
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How We Analyzed the COMPAS
Recidivism Algorithm

by Jeff Larson, Surya Mattu, Lauren Kirchner and Julia Angwin

May 23, 2016
All Defendants Black Defendants White Defendants
low  High Llow  High low  High
Survived 2681 1282 Survived 990 805 Survived 1139 349
Recidivated 1216 2035 Recidivated 532 1369 Recidivated 461 505
FP rate: 32.35 FP rate: 44.85 FP rate: 23.45
FN rate: 37.40 FN rate: 27.99 \ / FN rate: 47.72
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https://www.propublica.org/article/how-we-analyzed-the-compas-recidivism-algorithm
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Healthcare risk algorithm had
'significant racial bias'

It reportedly underestimated health needs for black patients. #| ) ,? / O % B- H O (> &,, ()Y' ' _)> % B & _? /O% B_ H & ) #u
—— =#$/1-.8&%8&>P&-(A&-)0'&-.>)B-)%#.&-0)-0-
10.26.19 in Medicine A&_O/(A>&-:A>(&,'H&.)#"‘)>IH/F'?&-%O$)&-#I

Att=-'"$%A-(A&F-%#$/1-)H&"1YZ

"#$%&'()* 8 ./-.0 10*'%1&++3,144,'#%5'%6,'#%5'%7016(*14'(5+%5+4A@ @4@?@?4??G )(


https://science.sciencemag.org/content/366/6464/447
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Name Closest relative Note
Statistical parity Independence  Equivalent
Group fairness Independence  Equivalent
Demographic parity Independence  Equivalent
Conditional statistical parity Independence  Relaxation
Darlington criterion (4) Independence  Equivalent
Equal opportunity Separation = Relaxation
Equalized odds Separation  Equivalent
Conditional procedure accuracy Separation = Equivalent
Avoiding disparate mistreatment ~ Separation = Equivalent
Balance for the negative class Separation  Relaxation
Balance for the positive class Separation ~ Relaxation
Predictive equality Separation ~ Relaxation
Equalized correlations Separation  Relaxation
Darlington criterion (3) Separation = Relaxation
Cleary model Sufficiency Equivalent
Conditional use accuracy Sufficiency Equivalent
Predictive parity Sufficiency Relaxation
Calibration within groups Sufficiency Equivalent
Darlington criterion (1), (2) Sufficiency Relaxation
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A computer program used for bail and
sentencing decisions was labeled biased
against blacks. It’s actually not that clear.

October 17, 2016 reoffend is approximately the same regardless of race; this is

Northpointe’s definition of fairness.

Black | White
2,000  The overall recidivism rate for black defendants is higher than

for white defendants (52 percent vs. 39 percent).

« Black defendants are more likely to be classified as medium or
high risk (58 percent vs. 33 percent). While Northpointe’s

. Reoffended algorithm does not use race directly, many attributes that

. Did not reoffend predict reoffending nonetheless vary by race. For example,

black defendants are more likely to have prior arrests, and

since prior arrests predict reoffending, the algorithm flags

more black defendants as high risk even though it does not use

1,500

1,000

Number of defendants

500 -
race in the classification.

« Black defendants who don’t reoffend are predicted to be riskier
than white defendants who don’t reoffend; this is ProPublica’s

Low Medium/High Low Medium/High criticism of the algorithm.
Risk category

The key — but often overlooked — point is that the last two disparities in
the list above are mathematically guaranteed given the first two

observations.
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