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P(Y=0]|A=white)
P(Y=0|A=black)
P(Y=0|A=Asian)

P(Y=1|A=white)
P (Y =1|A = black)
P (Y = 1|A = Asian)
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PROBABILITY
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TARGET 0— NO 0 — NON USER 0 — > 50K
LRl 1 YES ] — USER 1 —» < 50K
LEVELSOF  ASAN  ASANBLACK  AMERICAN-INDIAN/ESKIMO
Eﬁ'g‘g{'ﬁ BLACK BLACK/ASIAN ASIAN-PAC-ISLANDER
CAUCASIAN CAUCASIAN BLACK
HISPANIC WHITE/ASIAN CAUCASIAN
NATIVE AMERICAN  WHITE/BLACK OTHER
OTHER OTHER
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COMPAS datase OF THE DATA ANNOTATION -
prom — SYSTEM Inclusiveness Training likelihood

Target variable Probability Probability
reoffending Q0=zno Range (0] Range [0.1)
1=yes e p(Caucasian | 1) 3

: . plAsian n Q) 0.0023
Protected attributes Dlverseness - p(Caucasian|0)
Black, Caucasian, Asian, PlAsian N ) 0.0008
Probability P| O | Caucasian )
Hispanic, Native amencan, other P(Black n Q) 01514

Target variable Range [0)]] —— P[ 1] Caucasian
pBlack n 1 0le6 —
O E— 1 0545 - : P(Black | 1)

- p{Caucasiann 0 0128
— e p{Caucasian n 0) 01281 S(Black 0]
. p(Caucasian N 1) 00822 R
Protected attribute - o 0| Black)
p(Hispanic N 0) 0.0320

" Asian [ ] 0005 o(1] Black}
Dependence SMALL | || Black w05l p(Hispanic N 1} 0.0189
: . Caucasian 1 034) P(Native american N Q) 0.0006

Rasge (O] Hispanic ] 0082 p[Native american n 0)  0.0005
Contingency coefficient 01413 Native am. [ 1 0002 plother n Q) 00219
Effect size 01427 other L} ] 0056 Plother n 1) 00124
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Probability
Range [0,1]
plAsiar 0.0023
plAsian N 0.0008
P(Black N Q) 0.1514
Black n 1 0.1e6)
asian n Q)
p(Caucasian |
anic N 0.0320
Hispanic N ) 00189
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Training likelihood

Probability
Range [0])

THE PROBABILITY THAT THE OCCURRENCE OF
REOFFENDING IS GIVEN BY THE PROPERTIES OF THE
PROTECTED ATTRIBUTE ETHNICITY

THAT THE INDIVIDUAL IS BLACK IS MUCH HIGHER THAN THE
PROBABILITY THAT THE INDIVIDUAL IS WHITE

ﬂ GIVEN AS VERIFIED THE RECIDIVIST PROPERTY, THE PROBABILITY

GIVEN AS VERIFIED THE NOT RECIDIVIST PROPERTY, THE
A PROBABILITY THAT THE INDIVIDUAL IS BLACK IS LOWER THAN THE
PROBABILITY THAT THE INDIVIDUAL IS WHITE
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PRINCIPAL TECHNIQUES/CONCEPTS

RANKING SYSTEMS
EQUALITY OF OPPORTUNITY
DISITRIBUTIVE JUSTICE

RESEARCH QUESTIONS

ARE RANKING SYSTEMS BASED ON A DISTRIBUTIVE FAIRNESS
CONSTRAINT ABLE TO PRESERVE THE ACCURACY OF THE
RANKING AND THE MODEL'S OVERALL UTILITY BY PROVIDING A
RANKING OF THE BEST CANDIDATES?

WHAT ARE THE FACTORS AFFECTING THE FAIRNESS UTILITY
TRADE-OFF IN A FAIRNESS CONSTRAINED RANKING SYSTEM?

CONTENT

AN AUTOMATED FAIR-DISTRIBUTIVE
RANKING SYSTEM
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GROUP SAHRING
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RESEARCH GOAL ©

AN AUTOMATED FAIR-DISTRIBUTIVE RANKING SYSTEM
I. THE BEST TOP-N-RANKING IN A SET OF CANDIDATES
2. MAXIMIZING UTILITY AND SATISFYING FAIRNESS CONSTRAINTS




METHODOLOGY
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EQUALITY OF VARIABLES A SET OF POLICY:
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METHODOLOGY

O
O
O

TYPES ESTIMATE
k= ISLX
recursion stops

EFFORT ESTIMATE

CDFyype(2)

UNFAIRNESS DEGREE
ESTIMATE

if H: P(Y|X;) = P(Y)

otherwise

UNFAIRNESS= Gini Index ), CDFy,pe(4)

(1)= quantile of the Cumulative Distribution Function

A 4




METHODOLOGY

TYPES ESTIMATE

T = s¥ if H: P(Y|X;) = P(Y)
k recursion stops otherwise

EFFORT ESTIMATE

CDFyype(2)

UNFAIRNESS DEGREE y-=1 (CDFtype(A)»z Gini Index(CDFyype(2)
ESTIMATE

UNFAIRNESS= Gini Index ¥, CDFyyp, (1) A

OUTCOME \_,)
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TYPES ESTIMATE X
EFFORT ESTIMATE X X
UNFAIRNESS X X
DEGREE ESTIMATE
THE OUTCOME DEMOGRAPHIC PARITY ON | DEMOGRAPHIC PARITY ON
INDIVIDUALS WOULD HAVE TYPES PROTECTED ATTRIBUTES
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APPLICATION SETTING

ITEM EMBEDDING

)
Set of
candidates

—

Effort vector

My

STEP 3

Set of policy
e
~—

o9 -
0,
O3 -
. en_.
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OUTCOME

48

DATA: STUDENT PERFORMANCE DATASET

SCENARIO: HYPOTHETICAL SCENARIO OF A
UNIVERSITY SELECTION PROCESS IN WHICH
THE DECISION-MAKER DETERMINES WHICH
STUDENTS ARE SUITABLE ON THE BASIS OF
THEIR PERSONAL QUALIFICATIONS AND
ACHIEVEMENTS, SO AS TO MAXIMIZE THE
INSTITUTION UTILITY

SYSTEM'S GOAL:
[' = maxmin(utiliy, unfairness)
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EQUITY POLICY: UNFAIRNESS-UTILITY TRADE-OFF
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NEED POLICY: UNFAIRNESS-UTILITY TRADE-OFF
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RESULTS

GROUPS VS INDIVIDUAL

EQUITY AND UTILITY RESULTS ARE POLICY DEPENDENT
EQUITY POLICY: BEST CHOICE FOR NUMERQUS RANKING
EQUALITY POLICY: BEST CHOICE FOR LESS DENSE RANKING
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A DECISION SUPPORT SYSTEM FOR LONG-TERM FAIRNESS

DECISION THEORY A DECISION SUPPORT SYSTEM TO

U IégglféLléRM FAIRNESS FOR CLASSIFICATION ENSURE LONG-TERM FAIRNESS IN
- MACHINE LEARNING SYSTEMS

HOW TO CHOOSE THE BEST POLICY TO ENSURE LONG-TERM
FAIRNESS?

DO THE FAIRNESS CONSTRAINTS KEEP THEIR VALIDITY FOR AS
LONG AS THEY ACT? v
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RESEARCH GOAL
o

A DECISION SUPPORT SYSTEM TO ENSURE LONG-TERM FAIRNESS
I. DECISION THEORY APPLIED TO ALGORTHMIC DECISION-MAKING
2. INDIVIDUAL DYNAMICS INTEGRATED IN THE MODEL
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THEORETICAL MODEL

CRITERIA max [ v1(ga) + v1(gs)
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BEST POLICY

_TY Ui = ), 294(6) 455 (©)

ga g = fractions of the population o

y1= positive behavior




THEORETICAL MODEL

min ([ 1109 = 1a(9w)
CRITERIA 5
CRITERIA max [ v1(ga) + v1(gs)

POPULATION IS INDUCED TO PERFORM A POSITIVE BEHAVIOR
BEST POLICY

_TY Ui = ), 294(6) 455 (©)

ga. gp = fractions of the population o

y1= positive behavior




THEORETICAL MODEL

9da 9B

6 eEOB

Uy = Z 14940

maxfooo ¥1(94) +v1(gs) MAXIMIZING DOMINANCE

e}

min jh(gA) —v1(98)
0

b9

SOCIETY

r POSITIVE BEHAVIOR

SET OF INDIVIDUALS' ATTRIBUTES

RVEL RO INSTITUTION'S UTILITY|

MINIMIZING DOMINANCE AMONG GROUPS

MINORITY AND MAJORITY GROUPS|




THEORETICAL MODEL

SOCIETY

9ar s MINORITY AND MAJORITY GROUPS

POSITIVE BEHAVIOR

SET OF INDIVIDUALS' ATTRIBUTES

Uy = ZAAQA(H) VRGN INSTITUTION'S UTILITY|

maxfooo ¥1(94) +v1(gs) MAXIMIZING DOMINANCE

e}

min jh(gA) mR£LCEM MINIMIZING DOMINANCE AMONG GROUPS

0

b9

INDIVIDUAL DYNAMICS

| ALTERNATIVES X




THEORETICAL MODEL

SOCIETY INDIVIDUAL DYNAMICS

9ar s MINORITY AND MAJORITY GROUPS |{{fAREETTNINTES X
41 POSITIVE BEHAVIOR [RYWaVY[IN Q

SET OF INDIVIDUALS' ATTRIBUTES
Uy = Z R CORYIYIICOM INSTITUTION'S UTILITY)

maxfooo ¥1(94) +v1(gs) MAXIMIZING DOMINANCE |

e}

min jh(gA) mR£LCEM MINIMIZING DOMINANCE AMONG GROUPS

0

b9




THEORETICAL MODEL

SOCIETY INDIVIDUAL DYNAMICS

9ar s MINORITY AND MAJORITY GROUPS |{{fAREETTNINTES X
Y1 POSITIVE BEHAVIOR [ #aTN:{[Iy Q
0 €0 NARRIDIUDVARYYRINENRY IMPACTS F

Uy = ZAAQA(H) VRGN INSTITUTION'S UTILITY|

maxfooo ¥1(94) +v1(gs) MAXIMIZING DOMINANCE |

e}

min jh(gA) mR£LCEM MINIMIZING DOMINANCE AMONG GROUPS

0

b9




THEORETICAL MODEL

SOCIETY INDIVIDUAL DYNAMICS

92:95 x

r 0

SET OF INDIVIDUALS' ATTRIBUTES F

U = ) 2494(8) - 2595 () UTILITY FUNCTION |

maxfooo ¥1(94) +v1(gs) MAXIMIZING DOMINANCE

e}

min jh(gA) a2 CEMN MINIMIZING DOMINANCE AMONG GROUPS|

0

b9




THEORETICAL MODEL

SOCIETY INDIVIDUAL DYNAMICS

92:95 x

r 0

SET OF INDIVIDUALS' ATTRIBUTES F

U = ) 2494(8) - 2595 () UTILITY FUNCTION |
max ;" ¥1(0) + 1(95) D

e}

min jh(gA) a2 CEMN MINIMIZING DOMINANCE AMONG GROUPS|

0

b9




THEORETICAL MODEL
SOCIETY INDIVIDUAL DYNAMICS

9195 X
N 0

U = ) 2494(8) - 2595 () UTILITY FUNCTION |
max ;7 1i(g2) + 12(99) D
[RAARACH L

0

b9

min




£
APPLICATION SETTING N

N\
BEST CANDIDATES INSTITUTION p( i FAIRNESS CONSTRAINT
“%
. J
° w 7<% APPLY BY QUALIFYING MAX
[ ) [
|:> &S APPLY WITHOUT QUALIFYING > T O UL
GROUP A > NoT APPLY
INDIVIDUAL DINAMYCS ~ MAXIMIZE UTILITY BEST POLICY
[ ]
P w &% APPLY BY QUALIFYING MAX
[ ]
|::> &S APPLY WITHOUT QUALIFYING | I > = APPLY BY QUALIFYING
w GROUP B > NoT APPLY
POPULATION SELECTION PROCESS POLICY SELECTION PROCESS

60



APPLICATION SETTING

== mmmmn > TESTSET =--=m-==m==m=mmmmmmmmmemeeeo :
! EVALUATE RESULTS v ¥
w ~
PREPARATION --> TRAININGSET --> MODELTRAINING -->  |->1 MODEL
PREDICTION
FAIRNESS
ORIGINGL DATA EVALUATION
CUMPUTE :-...........E
TIMET +1 -->  AVERAGE  --> PREDICTIONS --» = [NDIVIDUAL =
IMPROVEMENT p  DYNAMICS -

fEEEEEEEEEEERD®




RESULTS

Percentage of Qualifed

Evolution of Overall Qualification

Tme

v/

INCREASE IN OVERALL
QUALIFICATION PROFILES




RESULTS

Percertage of Quaifed

Evolution of Quakficabion in Groups

Qe g N
vanable
. Fervales
Maes
Time

POSITIVE TREND IN
BOTH GROUPS




MAXIMIZING DOMINANCE
e ™

RESULTS

MINIMIZING DOMINANCE AMONG GROUPS

4 )

e}

Iy v1(ga) + ¥1(95) f ¥1(9a) — ¥1(9p)

o /20 >
: GRADIENT BOOSTING MACHINE: 9249 31 3.48
: GENERALIZED LINEAR MODEL 953.33 15.83
: K-NEAREST NEIGHBOUR 223.82 9.02
i NAIVE BAYES CLASSIFIER 225.95 17.83
( SUPPORT VECTOR MACHINE 1 ( 954.06 1 25.19 \

A




MAXIMIZING DOMINANCE MINIMIZING DOMINANCE AMONG GROUPS

RESULTS g AT [

1, v1(g0) +v1(gs) f ¥1(94) — v1(g5)
o /20 >
: GRADIENT BOOSTING MACHINE } 249 31 3.48
------- GENERALIZED LINEAR MODEL . 15.83 ———————
: K-NEAREST NEIGHBOUR | 9.02
i NAIVE BAYES CLASSIFIER 225.95 17.83
: SUPPORT VECTOR MACHINE 954.06 25.19 \
I




MAXIMIZING DOMINANCE MINIMIZING DOMINANCE AMONG GROUPS

( o
RESULTS f()lo]/l(.gA)'l'yl(gB)} [ f yl(gA)_]ﬁ(gB)}
> ° ——
....... > :GRADIENTBUUSTING MACHINE: 242 3] @ B D
: GENERALIZED LINEAR MODEL 953.33 Il 15.83 |
i K-NEAREST NEIGHBOUR 9293.82 9.02
: NAIVE BAYES CLASSIFIER 225.95 17.83
( SUPPORT VECTOR MACHINE | [ 954.06 1 25.19 \




ST Vv ¥V V¥V VY

RESULTS

OUR SYSTEM IS EFFICIENT IN ANALYZING THE LONG-TERM EFFECTS OF POLICIES
POLICIES HAVE DIFFERENT INFLUENCES ON GROUPS IN A NON-ONE-STEP MODEL
FAIRNESS IS NOT CONSISTENT OVER TIME

FAIRNESS CONSTRAINTS DO NOT NECESSARILY KEEP THEIR VALIDITY FOR AS LONG AS THEY ACT

INDIVIDUAL DYNAMICS AFFECT SYSTEM OUTCOMES
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QUANTIFYING DEPENDENCE
ESTIMATING DIVERSENESS
ESTIMATING INCLUSIVENESS
ESTIMATING TRAINING LIKELIHOOD



DATA BIAS AND CONDITIONAL PROBABILITIES

CASE 1 OBSERVED SPACE = CONSTRUCT SPACE
GROUP A THE ACTUAL PROPERTIES DIFFER |:>
w ACROSS GROUPS DECISION SPACE —> CORRECT MAPPING
STUDENTS UNDER 20
CASE 2 OBSERVED SPACE # CONSTRUCT SPACE
w GROUP B

THE ACTUAL PROPERTIES ARE |:>
DIFFERENT FROM THOS OBSERVED DECISION SPACE — ERRONEQOUS MAPPING
STUDENTS OVER 20

POPULATION CASES SPACES
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AMONG THE PROTECTED ATTRIBUTE AND
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DEPENDENCE

OUANTI FYI NG DEPEN DENCE ASSESSES THE DEGREE OF CONNECTION

AMONG THE PROTECTED ATTRIBUTE AND
THE TARGET VARIABLE

Clxiy5) = fxi,y5) = f(x0,))
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ESTIMATING DIVERSENESS

DIVERSENESS

DIVERSENESS
PROVIDES THE TRAINING DIVERSIFICATION

PROBABILITY IN RESPECT TO EACH LEVEL
OF THE PROTECTED ATTRIBUTE AND THE
TARGET VARIABLE
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ESTI MATI NG DIVERSEN ESS PROVIDES THE TRAINING DIVERSIFICATION
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TARGET VARIABLE
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ESTI MATI NG DIVERSEN ESS PROVIDES THE TRAINING DIVERSIFICATION
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OF THE PROTECTED ATTRIBUTE AND THE
TARGET VARIABLE
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number of possibles cases

_ number of favorable properties

number of possibles properties
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PROVIDES THE TRAINING DIVERSIFICATION

PROBABILITY IN RESPECT TO EACH LEVEL
OF THE PROTECTED ATTRIBUTE AND THE
TARGET VARIABLE

number of favorable cases
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_ number of favorable properties
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ESTIMATING DIVERSENESS

PROVIDES THE TRAINING DIVERSIFICATION

PROBABILITY IN RESPECT TO EACH LEVEL
OF THE PROTECTED ATTRIBUTE AND THE
TARGET VARIABLE

number of favorable cases
number of possibles cases

_ number of favorable properties
~ number of possibles properties

P=(Y=y)
P=(A=a) PRIOR PROBABILITIES

DIVERSENESS

FORMULA PROBABILITY
P(Y =0) P =048
P(Y=1) P =0.52

P(A=white) P =06
P(A=black) P =035 * '
P(A =Asian) P =0.15
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ESTI MATI NG INCLUSIVEN ESS PROVIDES THE PROBABILITY THAT TWO

PROPERTIES ARE SIMULTANEOUSLY
INCLUDED IN THE TRAINING SET

P(A|B) POSTERIOR PROBABILITIES

P(A=anY =y)=P(A=a)P(Y =y|A=a)
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ESTI MATI NG INCLUSIVEN ESS PROVIDES THE PROBABILITY THAT TWO

INLUSIVENESS
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INLUSIVENESS

INCLUSIVENESS
PROVIDES THE PROBABILITY THAT TWO

PROPERTIES ARE SIMULTANEQUSLY
INCLUDED IN THE TRAINING SET

P(A|B) POSTERIOR PROBABILITIES
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PROBABILITY
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TRAINING
LIKELIHOOD

TRAINING LIKELIHOOD
PROVIDES THE OCCURRENCE LIKELIHOOD
OF THE PROTECTED ATTRIBUTE LEVELS

GIVEN THE TARGET VARIABLE LEVELS -
AND VICE VERSA - BEFORE THE TRAINING
SET IS SAMPLED
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TRAINING LIKELIHOOD

ESTIMATING TRAINING LIKELIHOOD PROVIDES THE OCCURRENCE LIKELIHOOD

OF THE PROTECTED ATTRIBUTE LEVELS

GIVEN THE TARGET VARIABLE LEVELS -
AND VICE VERSA - BEFORE THE TRAINING
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ESTIMATING TRAINING LIKELIHOOD PROVIDES THE OCCURRENCE LIKELIHOOD

TRAINING
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ESTIMATING TRAINING LIKELIHOOD

TRAINING

LIKELIHOOD

FORMULA

P(Y=0|A=white)
P(Y=0|A=black)
P(Y=0|A=Asian)
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P (Y =1|A = black)
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PROBABILITY

P=0.7
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P=0.6
P=0.3
P=0.8
P=0.4
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P=0.87
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P=0.15

P=0.11
P=0.18

TRAINING LIKELIHOOD
PROVIDES THE OCCURRENCE LIKELIHOOD
OF THE PROTECTED ATTRIBUTE LEVELS

GIVEN THE TARGET VARIABLE LEVELS -
AND VICE VERSA - BEFORE THE TRAINING
SET IS SAMPLED
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AFteRS: Algorithm 1

Algorithm 1 Automated Fair Distributive Ranking ~ Step 1-2 (Figure 3)
The algorithin partitions the population in n types (Section 3.2.1), derives effort (Section
3.2.2), and computes the Standardized Distribution (Equation 5)

Step 1

input: dataset D

output: non-overlapping subsets of D == population partitioned in T} types
1: for all X,c DD do

2 Test the null hypothesis of independence between Y and all X

3: if HY s PIY LX) = PY) conldn’t be rejected then

4

b

partial *
Stop
: else
6 1. select X; with the strongest association to Y (smallest adj p-value)
T: 2. find the splitting point C# for X, such that
& Si¢ < xi are all the possible disjoint sets of the sample space y;
0: end if

10: end for

11: return 7 vectors C D

Step 2

input: T} vectors C D

output: Standardized Outcome g (A)

1: partition each T} in 10 sets ¥, such that ¥, < T}

2. training set 1" — 9" T sets

3: test set 10" T} set

4 for all ¥, C 7). do

b 1. perform the Bernstein polynomials log-likelihood on the training set to estimate
6: the best type-distribution approximation LLg(p., = 30, logfu(r;. pm))

T: 2, predict the CDF of Ti on the test set .

%: end for
%: estimate the Standandize Distribution = y'(X) “;‘x

10: return j'(\)




AFteRS: Algorithm 2

Algorithm 2 Automated Fair Distributive Ranking - Step 3 (Figure 3)
The algorithim computes the I' ranking based on policies Equity, Equality and Need

Step 3

input: Standardized Outcome 3! (A)

output: ranking I' constrained by a policy # € ©

if # = equity then

. for all Y, ¢ D do
compite the counterfactual ontcome from stud. ontcome and decomposed Gini
I' « ranking ordered by counterfactual ontcome

end for

S QO IRR A

7: if @ = equality then

s: for all T,c D do

9: sorfedy, + type-ranking ordered by decreasing stnd. outcome
10: end for

11: for all (j) € sortedy, do

12: rowy, + j element of sortedy,

13: arrayj] « row, ordered by decreasing std. ontcome

11: end for

15: I' ¢~ merge all j array

17: if 0 = need then
18: (), + n subsets € D grouped by protected attribute A
19: for all (z) € sortedg, do

20: rowy, < 2 clement of sortede,

21: array|z] « row, ordered by decreasing std. outcome
22: end for

23: I' ¢ merge all 2 array

24:

25: return Ranking I




TABLE OF METRICS

Metric

Formula

Input

Expected ranking
Exposure

Relevance

Expected ranking-policy
Exposure-policy

Gini Index
Decomposed Gini
Richness

Margalef
Shannon-Wiener Index
Simpson

Theil Index

r = argmaxl (ranking,|q)
L
log(1+))
J(Rel(itemy, lusery,, q))
I’ = argmaxgegu'(glei(N). 8)

lmL\ Iy mingexp' (X 0)dA

0
= }—,_t,, (1 - F(y))*dy
(hm'A

n'

Tl

In

H Y_:,H 1 lllP.

l - n'ln - l)

NN l;
N ¢
\ Z:*ll" l

Score distribution
Original Distribution
SeDistr.,, adj ScoreDistr
Adj ScoreDistr

Adj ScoreDistr

All distributions
Stand. score distribution
Types diversity

Types diversity

Types diversity

Types diversity

All Distributions

Opportunity-Types Profile
Opportunity-Types Rate
Opportunity-L/G Profile
Opportunity-L/G Rate
Unexplained Inequality Rate
Reward Profile

_Reward Rate

min/mazx (y - u(y))

y' = ply)

min/maz(y, ~ p(ys))

Uy — nya)

A_{T Z Y — '-h

min/max(j(y)) — jladi(i)))

3(w) — iladi(id))

Score distribution
SeDistr

Stnd. distribution
StndDistr

SeDistr, stndDistr
ScDistr, adj score distr.
ScDistr, adj score distr.

Table 3: Summary of metrics emploved,
R = mumber of types, p; =

of the score, g = mean score;

Notation:

F(y)= cumulative distribution function
frequency of types; y| = score

distribution aggregated by type and quantile: j;= standardized score; adj(iy} )= adjusted

mean-type score at each effort degree (after policy): 3 = ranking position
v
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APPLICATION SETTING

UNIVERSITY MAXIMZE  BEST
SELECTION LONG-TERM  CANDIDATES
SCENARIO PROCESS SELECTION  SELECTION
RETAXING  GPA SATAND
SYNTHETHIC SCORE
DATA DATA e -
STATISTICS AGE, SEX
GRADENT  GENERAWZED |\ oo e
POLICY BOOSTING LINEAR NEIGHBOUR
MACHINE MODEL
NON DATA KNOWLEDGE
TIME EVOLVING AT TIME THE STATE OF

PREFERENCES t+] THE NATURE




(Q ALTERNATIVES
<

x1: APPLYING WITH QUALIFICATION

x5 APPLYING WITHOUT
QUALIFICATION

x3: NOT APPLYING

x1: 0 such that X =[0, NQ, 0]
xz: NU
x3: N

INDIVIDUAL DYNAMICS

SCENARIQS

Ayﬂ



INDIVIDUAL DYNAMICS

m(w|x) 0 NO N
OPTIMISTIC | 0.7510.86 | 0.7510.76 | 0.75]0.76
PESSIMISTIC | 0.85/0.86 = 0.85/0.76 @ 0.85]0.76

AGNOSTIC | 0.81086 081076 | 08]076
‘ |



INDIVIDUAL DYNAMICS

ALTERNATIVES

f(w|x) 0
OPTIMISTIC 09
PESSIMISTIC 09
AGNOSTIC 09

"ﬁ



ALTERNATIVES

INDIVIDUAL DYNAMICS

flw[x) 0
OPTIMISTIC 09 maxyexLaplace(x) =
T Yowea S (X w)
PESSIMISTIC 09 xex Q]
AGNOSTIC 09

"d



INDIVIDUAL DYNAMICS

ALTERNATIVES SCENARIOS - P

flw]x)
OPTIMISTIC 0.9 1 T maxyexLaplace(x) =
o Teeaf (o)
PESSIMISTIC 0.9 0 0 xex 1]
AGNOSTIC 0.9 0 0

Laplace(x) @ | 0.9 ) | 0.33 -0.33

VGH



