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White House Report [Podesta+14]

[0 Big Data and DiscriminationIEH & D

O 7J)L3Y) X LO:BERME LA e DR L &
ICcDOWTCTHEM

0 https://obamawhitehouse.archives.gov/sites/def
ault/files/docs/big_data_privacy_report_5.1.14_
final_print.pdf
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=Rl AIH L & ERBIRN R

O JIL—TDOXN—=2v T (%Rl A
M. 58) ICHBITHAMVDEENR
O ZRIBKR VY (disparate treatment)
s MOWHBERHICTIIL—TDX I N—2y T
ICHKTF
O ZRIMzhER (disparate impact)
> (BERIOHBELIChhrh5Y) ERAS
IW—TDAN—=2y FITEKTE

2. [HERY
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Griggs v. Duke Power Co. case

1971FHR CRENEH =S )
19554E. Duke PowertthAEEDT-H IS

RE VR = i =PI

ChsiEABO7Ox>

SRFEMA - BA34% / £2A12%

BEMRREF : BA58% / £ A6%
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EIDJIJ E/‘]ﬂ:% [Sweeney 13]

. “‘google.com"¢& "reuters.com" CAZDRR TR NS NDILEEEE

. HAfE: 201249H24H-10A23H

. 2184EDLAE = INE
77 ARDAH

Ads by Google

Lakisha Simmons_  Arrested?
1) Enter Name and Smu:A Access Full Background

Checks Instantly

We| Arrested? \ |

Phone, Address & More
www.peoplesmart.comv/Lakisha
Search by Phone Search by Email
Background Checks Search by Address
Public Records Criminal Records

We Found Lakeisha Simmons

Current Address, Phone and Age. Find Lakeisha
simmons, Anywhere

www.peoplefinders.comv

XHT 1 TRBILE

S—0Ov/\ROAH
Ads by Google

Located: Brendan Watson
n found on Brendan Watson Brendan Watson

tlabas o

| ocated

More - Try Free!
www.peoplesmart.comy
Search by Phone Search by Email

Background Checks Search by Address
Public Records Criminal Records

act Info &

Brenden Watson

Public Records Found For: Brenden Watson. View Now
www publicrecords.com/

S aRYA: ANV

(X5 RIZ[4EH 2018] &£ D) 14



EIDJIJ E/‘]ﬂ:% [Sweeney 13]

. 29% DS M “instant checkmate” JEEREREY 1 )
. instant checkmateDILEZDARB E ABEDOMII M ZIRTE

INSTANT CHECKMATE ADS ON REUTERS INSTANT CHECKMATE ADS ON GOOGLE
OBSERVED EXPECTED OBSERVED EXPECTED

BLACK WHITE | Totals BLACK  WHITE BLACK WHITE | Totals BLACK  WHITE
Arrest Ads 291 60% 308 48%| 599 53% 260 339 Arrest Ads 335 92% 53 80%| 388 90% 329 59
Neutral Ads 197 40% 330 s2%| 527 47% 228 299 Neutral Ads 31 8% 13 20%| 44 10% 37 7

Totals 488 638 1126 Totals 366 66 432
significance=0.001 significance=0.01
e [ — 7
CEAICER CEALICRR

ANEIIKFEUCTLEABRDRAT 1 TICIRBDIRED

(X5 RIZ[4EH 2018] & D) 15



COMPAS X 077 [Angwin+16]

O BIEFAYZ oz 7COMPAS (BB%Y 7 bhUx

7) T7AVSAMNDOERMEBD T —F %27

O #EHO (REFORZZHED 2 FROBIEH

wl)

O BEASHBBREREFEOBIELODEVWXO7. BAEA

FIIEZROBIELDEWVW O7EM
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The tiger mom tax [Angwin&Larson 15]

[0 The Princeton Review SAT prep ~ Asians More Likely To Be Among
Those Charged Higher Prices By

package (7_|_ VA FaA—A—3&  The Princeton Review
D @k?*ﬁ%ﬁ%&*ﬁ) (,j:\ imiﬁz (Z| p Asians make up 4.9 percent of the U.S.

population overall. But they account for

:l —_— I\\\) :\ (\_’_ ‘,: Ef&: 5 ﬂE{T_I' ‘j’ more than 8 percent of the population in
areas where The Princeton Review charges
(IOW/m|d/h |gh) higher prices for its SAT prep packages.
- THBBMEEZL IX M EH =
N BT
E=S L, 7‘:_ ‘]l‘:t%J 0% 10%
% Asian population, ZIP codes charged higher prices

O ERRIL-- 72 T7RAOIRZENLUSN
DALDFWVEIE (BIFE) T
highlZBID BTSN3 MER

O ENICERELH D CIFEVTINE
v 17

% Asian population, ZIP codes charged lower prices
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0 “Man is to Computer Programmer as Woman is
to Homemaker?” [Bolukbasi+ NIPS16].

[0 Google newsd—/NR (—i& = a1—XEHE) H5
BEEEETILEZFE. %O)gender biasZz 734

Extreme she Extreme he VRN hik oz
nder stereo she-he analo
1. homemaker 1. maestro ; FO T GO PE STe O RIBTORSS |
. sewing-carpentry registered nurse-physician housewife-shopkeeper

2. nurse 2. skipper A4 : :

' L © nurse-surgeon interior designer-architect softball-baseball
3. receptionist 3. protege blond-burly feminism-conservatism cosmetics-pharmaceuticals
4. llbr_arl_an 4. phllosopher giggle-chuckle  vocalist-guitarist petite-lanky
5. socialite 5. captain sassy-snappy diva-superstar charming-affable
6. hairdresser 6. architect volleyball-football cupcakes-pizzas lovely-brilliant
7. nanny 7. financier ) )
8. bookkeeper 8. warrior " G_endell; apt[l)roprlate she-he analoghles i
9. stylist 9. broadcaster | dueen-king sister-brother mother-father

waitress-waiter ~ ovarian cancer-prostate cancer convent-monastery

10. housekeeper 10. magician

18



MEIERICE TS =R

[0 Emre Sarbak®dfacebookR X ~

0 https://www.facebook.com/photo.php?fbid=101
54851496086949&set=a

. Google#iR
. BAMMOMEDLZWKILIAEBINSEEANDER
- RARZIEEEITH S, TEVWO X Z[HE]ZZE X TEER

BAE XE MLIE EEERETE - o =me:m e - [
O bir doktor X | Heis a doctor
O bir hemsire She is a nurse
O bir bilgisayar muhendisi He is a computer engineer
O bir kuafér She's a hair salon
O bir kaptan| He's a captain
O bir stilist She is a stylist
wiDeo< ’
» ¢ - 93/5000

Google#iiR: https://translate.google.com/

Ei{& | [15Hh 2018] & b 19
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ERBNAT 7 ADOERES

O ERBICRT (Fi)
0 K. CrawfordD3&7& (the trouble with bias)[crawford
2017] CIIATD 2 RICE N
O &FB2AmEm (VY —XEH)
> FTEDENRBENLBERZRIToONGL LS
> O—>HMEboniaiasd. JLy hA—RHMER
BB MFE. MEBTEIFRCR 3. etc
O RIFHY A EIE
> ATLAZATOEE (B | EAZERBRERIR)
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ORI LT

L 73U XLIS TRRFEGHET HY/N—
FOAO—RFRINTLWEARSTHECDIFEDS

). ERBUDEZFERA LR THEDG
Z % (anhadisparate impact)
B FRZE> TIREERD S
B FFRZEFE> TS ERD S
(CN5DEMII. B 1E6HE)
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[0 5] : UCI Census CREIEZRARE, 1994%F) DT —

2ty b
> INADEIXA 55 KIL) HMEIXA (<573 F
L) DD 2MEZNIL
> BINADEIENBEEHCZETIBELRSD
(30%, 11%)
> https://archive.ics.uci.edu/ml/datasets/adul
t

O Az, NAZREICNMZATSEEREZ1TS7I)L
dVXLZEB L
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https://archive.ics.uci.edu/ml/datasets/adult
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O METRVEW TS =BRE+ EAMLIEON Z &/
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Z< DFERITCOEBDITICHKIL
> SVM. &EHZE. FEEB

1 T
= L(yi,4:) + AReg(H)
pa

o~
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O METHIEMFE O EZHE L DD, TRFEE
B EFDEDICFEZAR

O

etc.) I LT. NFHE

El—hl
TE S

MFOFELEMFE XX (94, Hiw. #E.

HEEZTS7ILTV X L%z

1 T
n Z L(y:, v;) + AReg(H) + N1 HI1%#

i=1

HBREIER IERIME
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Ble LTHEE - DlisMEZEZX 5 (FAEYZ5X3)
B A70O7 71 Il = Y=%D ADEETDE
HA1 : AOFEEM (demographic parity)
PrlY|S]=Pr[Y] : Bl Z . BLZOFHFHERZR—ICT
5 (P777—xT147 -7o>arm)

HAE D 1 19E#EE (equal opportunity)
EFNENDARBD TA 2 FROFME A H > TV
3 LT PrY|S,Al = PriY[XA] : BRI, BLDAMS
SHEAD/NA 7 A Z&R/IMET B

565 2270 TRHCADLBIFEDAADN
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BEIOFDAl « EMFEXRTOELRER . gIED2E
RT3 IMTFEEH (=2FEHEEEEZ—ELAN
ILTFB) | S E MR SR EEFETIRE
5l : %8 [Calders+2010 ], El'& ["IN& 1L+ 2018], #
E [fHE+2013], etc.
CNBDFEZFENTCVLWH?
K - KT v oKkEZE (Google, Microsoftia &) |
IS T DHFREREN DS LN
[N FEEESEZRELIEAEICE > TERRAEZ
7271 COWOMMRZIRELIEWEIEHD 53
BB TLyov—. XE (TZ2RBE) WED
FHREFR—3Y 33
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O BREEOBREC. DFMHEHIINL—FATD
BERICH D

1) 0.375 - _
—— Linear
{[E,\ 0.370 - —- Kernel-rff-half
& —&— Kernel-rff-full
@ W 0365 -
‘|§ 0.360 -
S 0.355 -
& I I T
Iﬂ., 0.0 0.5 1.0
r< epsilon
—
INT T RAES
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O “Will Affirmative-Action Policies Eliminate
Negative Stereotypes?” [Coate & Loury 1993]

O 777—X7Ta47 703 >TEBEINST
=3 BATB3EFR=—2 g mKS528H
3

O BICTPI77—XT147 703 hHBRBLWDHITT
IRV (BBAA. 77 7—XTa7 - 70>3
VH—BICEEINZDITTIEREW)
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O REA—T X 0 EHER
0 5% (1970s) -> 40% (3R7%)

O 73542 K «F—5123>DEA [Goldin&Rouse
2000]

https://www.astridbaumgardner.com/blog-and- 3 8
resources/blog/ysm-mock-auditions/
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HBDHEEIEE [Kleinberg & Raghavan2018]
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http://diverstyinsport.squarespace.com/u nderstanding-our-
differences/2018/3/7/on-the-effectiveness-of-the-rooney-rule 3 9
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wmh “NIFHICERE L T8 & DIERAVEERE”. IBISML 2018 (8158
7&). http://ibisml.org/ibis2018/files/2018/11/fukuchi.pdf

NI, N, &%, BE “Nonconvex Optimization for Regression
with Fairness Constraints.” ICML 2018.

HE “NFERRET -2V IKMOER". ATHEFREERE.
2017.

E FREE, FRE, EAR “Efficiency Improvement of Neutrality-
Enhanced Recommendation.” Decisions@RecSys 2013.

J. M. Kleinberg, M. Raghavan “Selection Problems in the Presence of
Implicit Bias.” ITCS 2018:

K. Crawford. “The Trouble with Bias.” NIPS Keynote. 2017.
https://www.youtube.com/watch?v=fMym BKWQzk
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