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representation it attains (in expectation), in the worst case over all metrics (above).

ALGORITHM 4: RANDOMSELECTION : :
A benchmarking of OPT Approximation
Input: [n], k <n

Output: v.a.r. panel P C [n] against OPT and RandomSelection on a
smaller instance (right).
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What is Sortition? Our Results Experimental Findings
Theoretical upper anq lower bqunds on the best achievable tradeoff Testing the performance of OPT Approximation and RandomReplace
5010 between representation and fairness. . . . 1
0 P on synthetic representation metrics
ALGORITHM 1: OPT » Constructed collections of randomized representation metrics using the
al;;’ri”ti:]‘r‘;”ﬂ 4 Input: metricdon [n], k < n UCI Adult dataset (based on 1994 US Census data) and the European
o,  Output: optimal panel P C [n] Social Survey from 2018.
OPTand OPT Approximation 2 I: P* « arg M pe (In) 2_ieln) €a(i: P) « Experiments show a discontinuity at g = k/2, reflected in the theory
panel £ have repr (OPT) = €2(1) but 21 2: return P*
fairq(OPT) = 0. ;2): 10- 1.0 -
underlying population/pool [7] ’g:
=1 0.9 -
« Democratic paradigm which randomly selects a panel (jury) from a population 2 ALGORITHM 2: OPT Approximation 0.9
 Origins in ancient Athens, used today e.g. in constructing citizens’ assemblies g, Input: metric d on [n], k < n, ¢ < k, algo oo
- Randomness guarantees that all individuals have some chance of being RandomReplace satisfies KMEDIANSPROXY 5 = 07-
selected for P, while satisfying a collection of constraints which ensure that fair (RR) 2 g/k and : Ol‘ftg}‘t’_pf]?;ﬂ JP ]% g’]wa%affr% to OPT 01| e
the chosen panel represents the underlying population (see Flanigan et al.) repr,(RR) = Q(1/g). L Q « KM%D,IANSPR’OXY(CZ i) ooman o
: 3: f()r c E Q dO ’ 0.6 —— ran::reg:ace:lo 037 o rand:reglace:S
. rand_replace_20 rand_replace_10
: 4. P.<+theqgclosesti € Stoc T o o . - - - - -
' Tl b i fui . 5 P+ PUP,S«S\P. SR ’
Mal n QueStIOn . Forg = k/2, if falrﬁl(ﬂ) = q/k Te€ : 6: end for \ ESS dataset wit(:1 k =40 Adult dataset?/vith k =20
_ _ then repr (/) = 0. ' 7. augment P arbitrarily until |P| = k
How do fairness and representatlon trade off ... E 8: return P Representativeness of RandomReplace for increasing values of g, as
when representativeness within the population has some structure, and : algorithm due to Kumar and Raichel compared to OPT Approximation.
perfect representation is unattainable? For g < k/2,if fair (o) > qlk :
then repr (/) < kiq”. ' ALGORITHM 3: RANDOMREPLACE, .
| 1l —+ g=1 HH-
o i . . +  Input: metric d on [n], k < n, panel P with 1 3=2 1.6 1
Sortition in a Metric Setting | repr, (P) = a 201 o,
e e e e e cere e . Output: P with < g random replacements 5] e \ o127
: o : .- - . 1: Pick S € S, uniformly at random ” 20 101 4 g=1
« Measure the fairness of a sortition algorithm &/ by the minimum probability of k—q+1 : q — - | —+ =2
e . J 4 g 4 reprq(RS)=Q< d ) v 2:SetPg <+ Pand S+ S\ P ° \ o8 +35\\"\’W\—\
any individual’'s selection ' 3 foric Sdo 1.0 061 — q=1g\\
: 4 q=
* Encode representation in a distance metric between individuals which is tight if g > k/2 and E 4 Pick an arbitrary j; € top, (i, P) \ S 0.5 - : - - ~ > . - - -~
- Representation distance from i to a panel P is the distance from i to their g Jair () = 1. : 2: (1;% — PgU{i} \ {Ji} RandomSelection OPT Approsimation
closest representative in P, given by d(i, rank.(P) ) (see Caragiannis et al. : - end lor
P ° y {(P)g) ( 0 ) . 7: return Pg An analysis of the Adult dataset for fixed I
 Representation of a sortition algorithm & is the fraction of the best-possible E values of g and increasing panel sizes k . — omewx

<« more fair / less representative

A 1: Sample P ~ (/) uniformly at random R
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5 [ -~ 1 & 2: return P
j Z 5’?\ Adult dataset with k = 10
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