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Figure 4 | Results of aggregation algorithms on studies discussed in the
text. Study la, b, c: n (items per study) = 50; Studies 2 and 3: n= 80; Study
4a, b: n=90. Agreement with truth is measured by Cohen’s kappa, with
error bars showing standard errors. Kappa= (A — B)/(1 — B), where A is
per cent correct decisions across items in a study, and B is the probability
of a chance correct decision, computed according to answer percentages
generated by the algorithm. Confidence was not elicited in Studies la, b
and 4a, b. However, in 4a, b we use scale values as a proxy for confidence”,
giving extreme categories (on a four-point scale) twice as much weight in
scale-weighted voting, and 100% weight in maximum scale. The results
for the method labelled ‘Individual’ are the average kappa across all
individuals. SP is consistently the best performer across all studies. Results
using Matthews correlation coefficient, F1 score, and per cent correct are
similar (Extended Data Figs 1-3).
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From Wikipedia, the free encyclopedia

The surprisingly popular answer is a wisdom of the crowd technigue that taps into the expert minority opinion within a
crowd.[t] For a given question, a group is asked both "What do you think the right answer is?" and "What do you think the
popular answer will be?" The answer that maximizes the average difference between the "right" answer and the "popular”
answer is the "surprisingly popular” answer.[2] The term "surprisingly popular” was coined in a 2017 paper published in Nature
entitled "A solution to the single-question crowd wisdom problem”, which outlined the technigue.[213]

Example [edit]

Suppose the guestion to be determined is: Is Philadelphia the capital of Pennsylvania? The two guestions asked of the group, and
the numbers of responses, are:

Is Philadelphia the capital of Pennsylvania?
* Yes: 65%
e NO: 35%
What do you think most people will respond to that question? %
e Yes: 75%
e NO: 25%

The difference between the answers to the right question and the popular question:

» Yes: 65% — 75% = —10%

e NO: 35% — 25% = 10%
Thus, the No answer is surprisingly popular (10% = —10%). Because of the relatively high margin of 10%, there can be high
confidence that the correct answer is No. (The capital is indeed not Philadelphia, but Harrisburg.)

An illustrative breakdown of this follows. There are four groups of people.

» A — "Philadelphia is the capital, and others will agree." (This group answers yes/yes.)
s B - "Philadelphia is the capital, but most others won't know that". (This group answers yes/no.)
s C — "Philadelphia is not the capital, and others will agree.” (This group answers no/no.)

HlEWikipedialCIEEOWN TE TS+
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&2 DEFIREEDE & TDI T F )LD SHERERT

S = p(Tr = sol2 = ay) p(T = 50| =ay)
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* T|S,Q ~ Bernoulli(Sy,4;) L7183
o SOFITIIE. HIEEMNS—HRICRO—END
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o FYEHI
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o WREr MR TZZTFILOTTD, [WREHRIITIMD ST FILOEEDMZRTITIO = SW

> plsolan SHp(ailso, S, %) Y plsolas Hp(ailsy, S, ¥)
0 _ a; ai
> plilanSIpailsn S, ¥) Y plsilan SHp(als:, W)

L a; a; A
o RITEOZSTFILDOTTD. 175 fBEDINEZTFHRIT D1751)
® WO,O > 05, Wl,l > 05 Td:@t“\ P=0

_ [0.4 X 0.76 + 0.1 x0.23 0.4x0.354+ 0.1 x0.65
0.6 X0.76 +0.9x 0.23 0.6 x0.35+ 0.9 x0.65

=

0.33 0.21
0.67 0.79
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2.4 WREDIR IR TFH
WRE r DRV, € {vy, v}
- HFIREBROSEBDMDIEDsoftmaxBdEi & U TEFTIUET S
I A XIS A—=FN, ZHHFHAD . EXRECTHBEEARET D
o WREBNZTFHIs ZZ TR IcESE

p(V, =

) = Sy 108P(@150))
7 3 exp(Vy Togp(ailsi)
. TIRANDBE

exp(Ny log W.
VrlNV:W;Tr"’BeTTLOU,lli< p(Ny logWyr.) )

exp(NV log WO,Tr) + exp(NV log Wl,Tr)

HRE r (CLD. MEBOKREDTA (FEENv,DADEIEDTA) M,
° /’I’X\/QEX_QNM%%H%‘LQC, é;(q%%t“;j\:l_&'ﬂiig_é

[t5Ra, DBRERDEINKREVAN] DEIGDFEIP, ; ZF1T & T DIERDMZ[0,1] THBUID EDMITHED LIRET D
M,.[Ny, P, T, ~ Normaljo 11(Po,r,, Ny)

2.5 J A XDEHISTH
Ny ~ Gamma(3,3), Ny, ~ Uniform([0,0.5]) &9F D
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Prior over Signal
worlds matrix
pa sS4

Vote
predictions

Personal

BEHERGPWMDI ST« AL - EF)L. Figure 1K D (—EHZ). MREHZN, BRI EZQLIT D, BRESND /) —RZ2T7IHT
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2.6 L EHERIGPWM
QEDERN D DIZEICDVNTERD
- BRqCDVWTOZEHZO, W, S, N NLTL VI MIET D, MRENRERNCFHE CTCETDEZFI,W,09,P1ETD
M&REr (FFFM/\SA—FI, € [0,1)EFDERET D
o IEULWSITFH)ILZZITEDHEERD, [DFERE, &EBIRECEARIDERETD
al = a?@ch%
p(17 = sjlal,i,,59) = % +i,(1- 5}7)
p(T7 = si|al, i, 89) = S — i, (1 = S

WREFFFIMZEZRELEI. INTOMRE(CHBWNTi, =0CTHDIEHFRT ERET D
« 272 CHERT D
I, ~ Uniform([0,1]) EIRET D
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2.7 GPWMODMIZDDHGE: HEEE & EFIEDHE S
2.7.1 REDHEE
EH—BRGPWMDIZE(C DWW CERAT S
FE EEBIC HEECZEELTESD

o SUFINs,, IFEM, THDEUT, CFWy, = p(aj|sp )P/ A AGEHRETHDEARET D
C_T'lNc, TT" I/T" W ~ NOrmal[O’l] (WVr'Tr’ Nc)
N¢ ~ Uniform([0,0.5])

2.7.2 EFYEDHE S5
EHERGPWMT., MREr(FBEDDOEFFIMN, ZHD>THD. NDEFHNDHREDEFIEZ0EHET ERET D

HERErDHFRIREEDBEDTIELUT 12D
Wi = p(aj|sk ir, S, W) = p(sk|aj, ir, S)p(a;|¥) /0 (S |ir, )
SHENAZ(CRD
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2%E: GPWMEFTIVLICED S HERICDUT (Online Appendix 2.1)
H—ERIGPWMICDWCEHRAT S, V, M, DT NLZV,MET D
. R DOBREE
pllv,m) = | [peav, m)
< | e [ ps) P | pi [ [ ) ploidas SIS, s0p( 1,5,50

r Sk

W, S, Ny, NyZBE La;Za: [CEET D E. SBETIA bp(silay, S)OEEETILICIRD TS, LEMEBEUESER CREDOT
(AP}

« GPWMICEDEE2EEHDESREBRIZENRIC(E. BIC argmax; p(a;|V, M) Z3&5N
SPIVTVXLEGFRIRD, SPPILTUXLTIE argmax; p(as|s;)
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4.5—4

« Prelec et al.(2017) D7 —FZB . I TOEM TIEHFHETAL

» states
e USS0MZNZENICDULNT. “Iscity X the capital of state Y?” EEB R, X(EZZDMTED EBAODZUWETH, (1) EA%FIRT (2)8 & Hir
9 DADEIEGZTHI
MIT class states: MITOOMBAZ4E, n=51,
*  Princeton states: 1) > X N> KMDZEFRZE, n=32
MIT laboratory states: MITDEERZ, n=22, HIHOET. ()EAHIMOWEERETEE. @MttdD ADWEERE DI ZFH|
art
o 20HHE 7 — hoomDEREHTE D, TNENICDVWT(1)THIBMEZ4ERME THIRT, (2) hEDEIZZ T,
«  2E%BE(High,Low)[CHE L TR I D
Art professionals: -+ 5 —DA—F—72 &, n=20
« Artlaypeople: 2 A, n=20
« Lesion
- KEHRIE, n=25. REOREDEEZHED. (I)IENEENZHIET, QMBEDLIEZ TR (3)BDDHIEOHEERE Z5EE.
« Trivia
« Amazon MT, n=39, FESE - B - #hif - EFED80ofED bV ET7ZIERL. ()EFEYIET. ftBEDEZEZ T, (3)BDDHIRrOMEE
& E.
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5. &R

5.1 7—41t v FDLLE

[5—

Stzw hOERAETDRETT, BE]

5.2 5k

EIEZUTOFETENTD
&~ DERICDVNT, {(E—BRGPWM. ZHUR. SPEIZF(EIRDEEMENFASNITINFIAEZEX CL\BDOE)

o MEEZIEEL CLBT—FCDVWTIE BHELBEENSEANLANIVERZRSD, (FEHEERERT —IL), BEE{0 Uk
(X EE R T —)L), extremized mean, logit aggregator}

- BT—Atvy bOLEBREZHENT. {EFHERGPWM, BCCET )L}
. WEEEZIERRUTVWDT—HICDULTIE. {CHEFIL}

[ [EIZZGPWMTENT B &lF. BIET—FICGPWMETILZH TldE. EFILHSHFIRRBOSEZEXRZHFI DL, BULWLED
CEEREINEVWHFREZIBIRT B EZIELTUVBDIEERVET]
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5.3 OIEDIETHKE
o HAFTVUNIILRIEWEYE (BRFECHFSNCEIB LIEHEN T D)

BFECDNT, ENIEEX EEAEEDO—EUREL (Cohend k) ZE
EH—EBGPWM(E., IRTDT—Ftzv hTEZER, BEERT —)L. WEHERE T —IL. logit aggregatorz L@ >z,
CREBUERER ERR DT

EHERBGPWMI(Z. BCCET /L. CHEFTILERIEE., T —4twY MCKIDEBESHERSTZ

o FERNIQEHEE (RFETERECSZSNIHER) [BS]

MIT class states Princeton states Art professionals Art laypeople
Majority —— —r —— ——
2 Surprisingly popular —— —_—— —— ——
R=l
S
17}
2 GPWMseparate — —— —— —i—
o
;
o
w o GPWM across — — —— ——
83
‘uE‘, E Cultural consensus —— — —— —_—
£
5 g MIT lab states Lesions Trivia questions
= (4] Majority —— —— ——
g 5 Linear pool — —— ——
qg E Logit aggregator —— —— ——
a' Surprisingly popular —— —— —r—
% GPWM separate — —— —_——
% GPWM across L] —— ——
'g Cultural consensus L — —
E Cognitive hierarchy —lyG— —— —lyG—
0.0 0.5 1.0 0.0 0.5 1.0 0.0 05 1.0

Accuracy (Kappa) and bootstrapped 95% confidence intervals

Figure A.5: Cohen’s kappa coefficients for each aggregation method, including 95% confidence intervals.
Methods with higher Cohen’s kappa are more accurate. Methods shown in red operate on single questions
independently, and methods shown in green require multiple questions. Confidences were only elicited in the
studies shown in the bottom row, and so some methods are only applied to these studies.

F=spOZ

=== INSIGHT

=n FACTORY

40



5.4 GPWMZEET BT L EDEEDIEHKE: EHICDODWVWTOFHE
- GPWMEFIILZEHZSE, tMEFRZERIDEIDICUEL
FONZEZFFZEREFEFEFELLEDOE

5.5 GPWMODILIRIC 1T B EIZEDIEHE
« NREBOHEEZHAAATE. BREDTDEDSIENDE
FRIEOBCHHZIREL TE. ERIEHIDEDSAMN DT
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5.6 WRE LA - JI\SA—H
- EHERGPWM, BCCESIL, CHEFTILTE, BALNLOFFIH/NSA—SZHETED
o AT EDRE (IEfEEEEED—EERR) & BRI/ (S A—SHFEEEDOHBREE. EHERGPWM - BCCET /L TaMD L

Figure 2. (Color online) Pearson Correlations, Including Bootstrapped 95% Confidence Intervals, Between Inferred
RespondentLevel Parameters and the Accuracy of Each Respondent

MIT class states Princeton states Art professionals Art laypeople
GPWM experlise HH . i ——
Culluiral consensus compelence
w
E MIT lab statas Lesions Trivia questions
% GPWM experlise - - .
=
Cultural consensus compatence
Cognitive herarchy expearise —— —— ——
0.5 0.0 0.5 1.0 -0.5 0.0 0.5 1.0 -0.s oo 0.5 10 -0.8 oo 0.5 1.0

Individual accuracy correlations

Nefes. Respondent accuracy is evaluated with Cohen's x. Models with a high correlation for a data set successfully identify actual respondent

expertise.
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5.7 DBIE/I\S A—HF(CDOWVWTDHER: tHRBFNH

HMAREFIDM ¥ OEEBE(C DT, statesT—4~ T

Bing T &Pz, " (41, “Birmingham, Alabama”)Z1RZR U fc E S DIRZFHN(IE) & HBAEREEOHEEMND o 12
- E#Pha &M DOBMRDEEEE (CDVWTOHBERHEZTRIRL TS EDEENHND

5.8 EZEFI—5 1 > Y DERETO—E

« AKAFRDOT Sty hTIE. T—Fty MATREZEOOD—FT 4 >R —BUTWVWARNEELFTIUD—AL TE] THAL 4] ). IRE
DOREEIZED TRV ERZLN

« Bty MNIBWT, BEO¥ZCDOVWTEEZEDLTITUZANBI CTHIZ(ELE. OE. MEBFRHDOIRNTEHECLE)
« GPWM, CHEFILIZHEZZ (T2, BCCETILOHEREEI TN oz TE] ADI\A T RXZHEELTWLINS
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6. ER

Palley & Soll (2019 Mgmt.Sci.): EBBHRADOFZTO—F (3. [BHRESN 7 TO—F EHMESNT7TO—-FHHD
GPWMIIHR(CAIET D
«  SPEIEZIFHENRMNREDLEEL EHRT EVNDRTITHIRTESRD
IRTCDOMREDT —HICRKD TREDEVDATIFIBRESDN

«  GPWMODSBHBIZMMIE DI
*  Marr (1982) DV SETEIERL NILDET )L, WREMMEFO TLDBIRE . MREBOHIM - FRIEOBEFRZEEST )L
HENERE (B OEZEMEFRNEREZ DR &R
o MORHETILEGFERD, WREBDER LMME TR E O (CEZMBEIFRZIRE LRV

NAZT UVBEEETIVICED L EFNDESHET /L (BCCESTIL, CHEFTIL) EDEL)
SR EEEDHVVCOBBRERE LR
- HESRIDMZHE
BIEDI—F + 2T (CREEETNIRL)
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6.1 5 )LOETE Lk
- HBEHE
« GPWMIZE, HREFBFIDMESTFIUTHC DWW THRENERAHEZHLEB L TVDERELTLD
MECE AFTNBSDEICDWNWTIEHERIAGZFFIZIENL. BAEZEHD
«  SROIRE
BU 20 FINZRIFTEAL TR RS/ DM ZRFD
« BUREQERFFDMESTHIUTIIC ) A XNEOTZEDZHD
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- FATIREIRS T FIL
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