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COMPUTATIONAL EFFICIENCY OF SEARCHING KEMENY CONSENSUS
AND ENROLLMENT OF EXPERTS FOR PREFERRING ON STOCK-MARKETS

It is studied where the algorithm’s MATLAB code for searching Kemeny ranking/consensus is effective.
Besides, a matter of minimizing the number of experts is discussed. Statistics of searching Kemeny
ranking/consensus are obtained in MATLAB. The algorithm’s effectiveness becomes more apparent for greater
number of objects. Its MATLAB code is very simple, so the effectiveness is expected when other programming
environments will be used (say, C/C++, Python, Java). A matter of minimizing the number of experts is reduced
to using the simplest voting via social networks. Such social networks can be organized as corporative
groups/communities in Facebook or other known networks. The stated result can be used in making
preferences on options or other related stock-market objects.
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ITPABOPCBKA H. L.
K. M. H., AOLEHT
XMeNbHULbKWNI HaLiOHaNbHUI YHIBEPCUTET

OBYUC/IIOBAJIBHA EOEKTUBHICTD NIOIYKY KOHCEHCYCY KEMEHI I HABIP
EKCIIEPTIB U1 BUCYHEHHS ITIEPEBAI' HA ®OHAOBUX PUHKAX

Bug4aembcsi me, Oe MATLAB-kOO aneopummy Onsi MOWYKY paHxyeaHHsi/koHceHcycy KemeHi €
egpekmusHuUM. OKpiM Uybo20, 062080pPOEMBLCS NUMAaHHS MiHIMI3ayii Yyucna ekcriepmie. Cmamucmuka nowyky
paHxyeaHHsi/koHceHcycy KemeHi ompumyembcsi 8 MATLAB. EdpekmueHicmb anzopummy cmae 6inbw
oyesudHoo 0ns 6Ginbwozo qucna o6’ckmie. Mo2o MATLAB-k0O Ayxe npocmuli, MOMy O4YiKyembcsi maka cama
eghekmueHicmb e iHWux cepedosuwiax (ckaximo, C/C++, Python, Java). [lumaHHs MiHimi3ayii Yucsa ekcnepmie
3800umbcsi G0 euKopucmaHHs Halrnpocmiwoz0 20/10cyeaHHs1 y coyianbHuUx mepexax. Taki coyianbHi Mepexi
MOXymb 6ymu opzaHizoeaHi sik kopriopamueHi epynu/moeapucmea y Facebook a6o iHwux gidoMux Mmepexax.
BuknadeHul pe3ynbmam Moxe 6ymu 3acmocoegaHull y eupobrieHHi nepesaz Ha onyioHax abo iHwux 06’ekmax
¢hoHAo8UX PUHKi8.

Knioyoei cnoea: nepeeazu, paHXyeaHHs/KOHceHcyc KemeHri, edpekmusHicmb anzopummy, Habip
ekcrniepmis.

[TPABOPCKAZ H. U.
K. M. H., AOLEHT
XMeNbHULUKNIN HaUMOHasbHbIA YHUBEPCUTET

BbIMUCJIHUTEJbHAA 3®PEKTUBHOCTb IOMCKA KOHCEHCYCA KEMEHH
N HABOP OKCHEPTOB /UIA BBIIBUKEHUA ITPEAITOYTEHUHU
HA ®OHAOBBIX PBIHKAX

U3yyaemcsi mo, 20e MATLAB-k0O anzopumma OJisi Ioucka paHxupoeaHusi/koHceHcyca KemeHu siensiemcsi
agpgpekmueHbIM. Kpome amozo, o6cyxdaemcsi 80IPOC MUHUMU3auuu Yucsa 3kcrnepmos. Cmamucmuka noucka
paHxupoeaHusi/koHceHcyca KemeHu nonyyeHa e MATLAB. 3¢hghekmusHocmb anzopumma cmaém 6osiee
oyeeudHol Onsi 6onbuwez0 Yyucrna o6Lekmos. E2o MATLAB-k00 o4YeHb npocmol, Mo3moMy oxxudaemcsi ma xe
agpgpekmusHocmb e dpyaux cpedax (ckaxem, C/C++, Python, Java). Bonpoc MUHuMu3ayuu 4ucsia 3Kcriepmoe
ceodumcsi K ucnosib308aHur0 npocmeliwe20 20/10cO08aHUsT 8 coyuanbHbIx cemsix. Takue coyuanbHblie cemu
Mo2ym 6bImb oOpz2aHu308aHbl KaK KopropamueHble 2pynnbi/moeapuujecmea e Facebook unu dpyaux
useecmHbix cemsx. MW3noxeHHbIl pe3ynbmam Moxem 6bimb UCMOSIb308aH MNpuU ebipabambleaHuu
npednoymeHuli Ha onYUoHax usu dpyaux o6 bLekmax ¢poHA08bIX PbIHKOS.

Knroyeenle cnoea: npednoymeHusi, paHxupoeaHue/koHceHcyc KemeHu, aghghekmueHocmb anzopumma,
Habop 3kcrepmos.

margana2007@list.ru

Introduction. A great number of economical processes deal with selecting preferences and
decision-making. Preferences are needed to form sequences of options/features/criteria and relation
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among them, whereupon decisions are made. Surely, experts are invoked into those processes of
voting and preferring. For aggregating the experts’ judgments, a Kemeny consensus is searched.
This is not about simple averaging, as experts’ judgments are rarely represented as single-valued
points. In practice, the judgments are results of pairwise comparisons. Then, square matrices are
formed, where every expert’s judgment corresponds to one’s matrix. Thus, a Kemeny consensus is
searched over square matrices. However, if the consensus is found, it should be an acyclic ranking,
i. e. a matrix corresponding to the Kemeny consensus must be converted back into a definite
sequence. A complex question is that a Kemeny consensus be a single, and be searched fast, with
invoking not many experts.

Analysis of the previous works. A problem of ranking a finite set of objects into a Kemeny
ranking/consensus is NP-hard [1, 2]. For cases with matrices, a consensus matrix is searched over a
finite set of permutations each of which shows a ranking/matrix, and this consensus matrix should
be as close as possible to a set of experts’ rankings/matrices. In the article [3], an algorithm that
speeds up the search of the Kemeny consensus is represented. For that, an approach for aggregating
experts’ rankings is suggested and substantiated. Also a simple metric to compare rankings is
suggested and substantiated. The developed algorithm finds a set of Kemeny rankings much faster
than the classical straightforward search. Also this set often contains a single Kemeny consensus,
unlike the straightforward search giving more than one consensus. Besides, a single Kemeny
consensus is determined at one stroke if the averaged expert ranking turns out acyclic. Thus, the
article [3] solves the problem of selecting a single Kemeny consensus. However, a question of the
speed gain along with minimizing a number of experts (to save both computational and financial
resources) remains open.

Goal of the article. The goal is to ascertain whether it is possible to minimize a number of
experts invoked for voting/judging. At that, a solution by the method in the article [3] can coincide
with the solution by the straightforward search. Selection of an effective program code is welcomed
also. For achieving the goal, we have to fulfill the following tasks:

1. To gather statistics of searching Kemeny ranking/consensus.

2. To decide on when a number of experts can be minimized (issuing also from running
effectively a program code routine of searching Kemeny ranking/consensus).

Statistics of searching Kemeny ranking/consensus. Suppose that we consider N

economical objects to be ranked. Let E, (N )=[ml.</k>} be a matrix, which is formed from a
: NxN

sequence given by the & -th expert, k = LK (K is a total number of experts). We know that

mf'=0 Vj=1,N and Vik=1K by m=%1 and m}) =-m, (1)

Jt

ie E (N)=—(E, (N ))T . A Kemeny ranking/consensus is searched as

A, (N)edy(£1

aI‘A +1

E(N)ear min {Z(pk P e (N) A (N))}, (2)

where the following denotations are used:
* AN(il) is a space of all square matrices whose order is N and its elements satisfy

conditions (1);
* ¢, 1s a weight of the & -th expert [4], corresponding to the proficiency of this expert, and

K
O E(O; 1) by Z(Pk =1;
=
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*p Ay(a1) 1s a metric/distance between two matrices from the space A, (il) (e. g., see

peculiarities relating to such distance in [1, 3, 4, 6]).

A case with N =3 is primitive, but even this gives us a concern. Figure 1, where normalized
time of the method in the article [3] and its time gain are plotted versus a number of experts, shows
that a tender tendency of their growth exists. Number of experts varies from 5 to 205 with a step of
2. Note that the gain is not always greater than 1. Moreover, when we have less than 50 experts, the
gain is mostly less than 1, which is a negative effect. Increasing the number of experts does not
change the tendency much. Therefore, it is sufficient to invoke 100 to 160 experts for ranking three
objects.
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Figure 1. Growing gain and time for searching the Kemeny consensus for three objects
(a program code routine of searching Kemeny ranking/consensus is run in MATLAB)

For a case with N =4, when we invoke 5 to 105 experts, the tendency remains similar
(Figure 2). Nevertheless, here the gain is not so scattered. For ranking four objects, it is sufficient to
invoke 70 to 100 experts, that is much less than in the case with ranking three objects. By the way,
the time now is more stable, and it does not grow much (unlike that in Figure 1).

It should be noticed that sometimes the algorithm from [3] fails (see those peaks-and-drops in
Figure 3), although time taken for computations still increases not much. Another general
conclusion is that the time increases too slowly (if to exclude those fails with peaks-and-drops), that
implies the algorithm is effective. Its MATLAB code is very simple, so the effectiveness is expected
when other programming environments will be used (say, C/C++, Python, Java). For greater
number of objects to be ranked, this tendency becomes better (Figure 4) — the time slightly even
decreases, while the gain increases constantly.
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Figure 2. More stable time of computations in searching Kemeny ranking/consensus
in MATLAB for ranking four objects
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Figure 3. Unexpected peaks of time and the corresponding drops of gain (N =4)
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Figure 4. Growth of the gain and the corresponding time for N =5 and N =6

Is there any opportunity to minimize number of experts based on those results? Obviously, it
depends on additional constraints.

A matter of minimizing the number of experts. For now, we know that the algorithm’s
MATLAB code for searching Kemeny ranking/consensus is effective. Its effectiveness becomes more
apparent for greater number of objects. To decide on a number of experts, we must learn whether
any connection between the gain-and-the-corresponding-time of the algorithm and the solution’s
accuracy exists. However, such connection is unclear. Instead of that, we may use a technique
suggested in [7]. That approach suggests that experts give their judgments simply in binary form,
wherein the expert’s judgment in comparing two objects/entities is either 1 or 0. This can be easily
implemented via social networks with setting “like”/“dislike” (advantage is “like” or 1,
disadvantage is “dislike” or 0). Moreover, “experts” actually should not be necessarily so proficient.
The eventual result (the average ranking over experts’ rankings) is truly expected to be close to
reality owing to the law of large numbers. Therefore, we rather need to invoke more experts using
social networks, that will give us finally well enough judgments.

Conclusion. Based on the statistics of searching Kemeny ranking/consensus, the algorithm’s
MATLAB code efficiency has been shown. The efficiency depends on the number of experts. This
dependence is stronger than that of the number of objects to be ranked. A matter of minimizing the
number of experts is reduced to using the simplest voting via social networks. Such social networks
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can be organized as corporative groups/communities in Facebook or other known networks. So, the
only task is to find a Kemeny consensus, where avoiding the classical straightforward search by (2)
becomes then crucial (as number of a network users/“experts” will be large). The stated result can
be used in making preferences on options or other related stock-market objects.
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