Met hod for providing wwth a score an object, and deci sion-support system
FI ELD OF THE | NVENTI ON 5 The field of this invention is that of

know edgewbasem3zmst ems supporting deci si bn- maki ng act i PCTiEP2011/065555 Nbr e
particularly, the invention relates to a nmethod for providing with a score
an object. 10 BACKGROUND OF THE | NVENTI ON Many activities in various
fields, fromfinance to nedicine, require evaluating a risk and taking a
decision: it may be the decision to make an 15 investnent, to begin to
treat a patient for a given pathology, to decide whether a docunent is
relevant, to M?’Ehﬁ éobpb@uwéiﬂngyv@@faegcowarbebte%@nd Qeéillf‘d@QeSBlépﬂéten t wo
or nore possibilities. A famly of conputer tools, nanmed "decision
support systems" has the objective to BYPENo t ake deci sions by anal ysing
massi ve data. For 20 exanple, knowing a | arge nunber a financial data, such
a systemtry to establish whether an investnent should be nade.

Met hods of supanM]')@ijHIEAWENtrE@Non | ocated at the interface between

mat hemati cs and conputer science, propose to cl ass the cases to be tested
by associ ati ng thema bi nary | abel, such as "good payer"™ versus to 25
"insol vent payer I u R ' I C ent
"heal thy" to "i "Th% ﬁ%%éggﬂ&cm‘grﬁrﬁﬁ gth%gt qtcgﬁ %ﬁgg% Stggtéch
met hods only aupmmngtd@cmc&drrmmgmctmm.l i kely label for a case. The risk
of doing a mstake_js onI uced Met hods .of
scoring/ranking pr %@aé mg%ﬁ?v@ig'ﬁn r?l?ée%\f%?dﬂe@@dsf%ﬁr%@ﬂad‘éth s to
| earn how to gcgrcbfé)éﬁ%rbédge cases so that a large nunber of "good payers"”
or "relevant documents' are at the top of the list with nmaxi mum i kel i hood.
The nost hatural way of ordering nultivariate observations is to use a

scoring funct ved case (new or not) a nunerical
5 val ue - E@&I@éﬁ%@ﬁbgﬂ mémEgﬁgNdegree of risk or relevance. The
quality of th| s scoring function is usually assessed using a functional

criterion, nanely a Receiver Operating Characteristic (ROC) curve, which
al lows a very vi sublanyi agihaliesin vatieupdisids, Jeorndinancs tcemadianet Gaue rat e

of false posi Llygs IheBeaalliaRiact 3ok ey ey delne 4sediddid AGRETRE ! on

retrieval is a S nPl-ar approach®t o vi'sua 1O resa
di scri m nad i omvesterenthto bayi o treat a patient for a given pathology, to decide
whether a document is relevant, to reject a product as defective, or simply to
choose between two or more possibilities.
A family of computer tools, named “decision support systems” has
the objective to help to take decisions by analysing massive data. For
20 example, knowing a large number a financial data, such a system try to
establish whether an investment should be made.
Methods of supervised classification, located at the interface between
mathematics and computer science, propose to class the cases to be tested
by associating them a binary label, such as "good payer" versus to

25  "insolvent payer" "relevant documents" and "irrelevant document," patient
"healthy" to "ill" or product "conform" to "not conform". However, such
methods only attempt to predict the most likely label for a case. The risk of
doing a mistake is only somewhat reduced.

Methods of scoring/ranking propose another approach: the aim of

30  such methods is to learn how to sort/order the cases, so that a large number



positive | abel data is very high or very |ow. Whi | e many power f ul

al gorithns (CART, SVM boosting, random forests) of supervised

cl assi fi caDi20r/B811Ri gh di nensi onal data afe al ready 15PKmaRR011/065585 gorit hm
of the "machine-learning" type was far dedicated to the problem of scoring.
I n nost applications, the approach is to use conventional statistical

nmet hods, such as logistic regression (linear) or |inear discrimnant

anal ysis, based primarily on manual data preprocessing, such as nodelling

di stribution of the observati a truncatiopn of informati 20

ns, | n, 20 etc...
These appr oacRés98PS PAVEER P%greﬁn‘?‘éﬁﬂte‘?ﬁ%’éﬂﬁga @ﬁetq{e"h@xﬁﬂf’né’ﬁt"ﬁ‘%l“si Wdﬁbase
in data vol unﬁ]?&ﬁem Iﬂ%‘ﬁﬁo%.t h addi ng extra di nensions ("curse of
. [

di mensional i ty" Besi des, the binary classification nethods sonetines
incorrectly use théheédicstanaterat way o ondergigihulivasietsr ebse2gatmrseisite use a

o noc T ea nfel ke et BBl SRt 28, D 80 Py e
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represented by a target itemfroma nultidinensional space, said score
bei ng repr esenf Hhisvacasing fngtiosbigbisually asseasechesiopj@iunaimnadforéeriangi ven

conmr st g, or BEREL RREELEF B A EEAPATESY ROXARME whRY| ROTRS
foll owi ng stepsry visual display of trueaogitioei @itadnaethtsdmid nigeiratd b farery

means data 5representative of a set of sanple itens from said _ _

nul ti di mensi oR8fiti¥pack)e Becall-Lappision ewenuraly waeshil ipfarmalionHeligyighs y

| 0e e H 2 el S BBLATS vIsERIES BY RLURY oPBILRIANRY rdiTRRaLl o b oo or
not the given binary property; ) storing irn’'the nenory neans
dat a repr esenpasitive laidel data sarggehight envery@fw) with said processing neans,
generating and storing in said nenory neans data representative of an
oriented binary tree with a given height, said binary tree being defined by

a plurality of nodpgharidig hoaexuY yETthns [ERRT OSVI, tb iy rBAbE on in

the binary tree, sald nodes conprising a root node, internedi ate nodes and
term nal nodefgreaisy of aspanoigedmiasayfidesBmssoichighetimanshoralsigdie miealtfadyhe
mul ti di Teps i ORr%wﬁ,pﬁg %Igaocrﬁr?rrndéfr}Het‘r%atcn%e-learning” type was far dedicated to the
problem of scoring. In most applications, the approach is to use
conventional statistical methods, such as logistic regression (linear) or linear
discriminant analysis, based primarily on manual data preprocessing, such
as modelling distribution of the observations, a truncation of information,
20 etc... These approaches also face the problem caused by the exponential
increase in data volume associated with adding extra dimensions (“curse of
dimensionality’). Besides, the binary classification methods sometimes

incorrectly use the “distance to the margin” as score.

25 There is a consequently a need for an improved method of scoring

based on machine-learning.
SUMMARY OF THE INVENTION
30 For these purposes, the present invention provides a method for

providing with a score an object represented by a target item from a

multidimensional space, said score being representative of the probability



following rules: if the node is a root node, the associated subspace is
the whol e nmul tidi nensional subspace; if the node is a non-term nal node,
its assocwatett/@esabspace is split into t$o disjoint subsSpaPes 1Beias E
respectively associated with a first child node and a second child node of
said non-term nal node, said splitting being perfornmed by the processing
unit according to a classifier mnimzing the nunber of sanple itens
associated with a first given | abel value to belong to the subspace E,
25and/ or the nunber of sanple jitens associated with a second %i ven | abel

val ue to bel offif% & RBI&GHHSBHSEESs @ YN sRIBBRd RraBeItY.v #Rle Meined being
representativ i r i ki jrRGA ~ I ; aid
sanple item sE'te?F;O{ﬁ]eé;d t % %%EE@%: %QWOBF‘%@%@@@@%ﬁgf’%??'@:gegﬁe\%f| abel
val ue; connected t@ d)embrymeans qomuwessg tiee iodawsng stspsci ating with at

| east each term nal no of the.binary tree a.score dependi ng on i i ndex
value in the binary tré, RISy ISio9 5t HETRSIB NG 16 Mo WhE A Reans.

(e) with saidrgyrasestating ofeABst of §8MAbld XemS fAorh &=eemUMadifherisitha? shateet
node being a term nal node whose associ ated subspace conprises the target
item and each samp(¢ ite@urging eispeciatesl with adivatyuabalssdicating if an ebieshi d

10’ Sxt enci ve LripdReORY SR BEmeR BEmHsfies bP hEe v Th ik BIERY! Sorves
the optinm zation probl @ngiesiad ihuhetmermdry meabheid4ia represatitsitive ficedid ng

function that converges to an adaptive approximtion increasingly close to
the optinal RBOBUESB. I n addition, proposed techniques of resanpling

boot st ble t LL: i ; ; i t
Very rel i bl e scoring {IEET SHAIEE Iph s E TRk A RATREAg A SRR 9 1
approach al | owendedl inegneidatta dexiresehtativemd@n griadteat Wdatytré&awath agiven

di stributions, . Byt, the st | rtapnt pojnt is that this nethod
al | ows gener ab?l%‘t’si%gi%r‘@awnf%%n%@ﬁéﬁ Hggﬁeig&qp? Urakt Qi _ BgvIRg _mdex_
non-statisti C\/élﬁesm?élaﬁﬁnh%h'tﬁgir%@s@ioﬁ%"ﬁhé‘gin%w febBesfdinddes Comrafd on of

sinple binary rules for which it i's possible to quantify the inpact on each
attribute or agopbnede, infertedigtecnadesofindtayerinaknades, and eadtonodg &epide, in

h dical, di ' wh h i i f
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in the form ofolalingrilestges for each paraneter, defining the two categories

"heal thy patient" and "sick patient”. The nunmber of categories may of
course be greater than two.- if the node is aroot node, the associated subspace is

the whole multidimensional subspace;
- if the node is a non-terminal node, its associated
20 subspace is split into two disjoint subspaces ¢, and g respectively
associated with a first child node and a second child node of said
non-terminal node, said splitting being performed by the processing
unit according to a classifier minimizing the number of sample items
associated with a first given label value to belong to the subspace ¢ _,
25 and/or the number of sample items associated with a second given
label value to belong to the subspace ¢ , said second label value
being representative of a higher probability that an object represented

by said sample item satisfies the given binary property than said first

given label value;



Finally, these rules can be easily visualized as an oriented binary tree
where the nost interesting paraneters appearing in the top part of the
tree, 30swoasiza32be directly understandabfe by a non- st 2CrgPReilamsssser .
Preferred but non limting features of the present invention are as follow
t he i ndex val ue of each node conprises a pair of values, the first index
val ue representing the depth of the node in the binary tree, and the second
5i ndex val ue representing the position of the node at a given |evel of

depth in the tree; the index of the root node is and the indexes of
the first and the secoffd Wi ﬁﬁ'%@@?sﬁ'ﬂgdnﬁ%ﬂs’t%ﬁﬁcﬂﬁi"?%‘ﬁﬁ@ akne’d ‘?@Fﬁbx i s

(d, k) are reaﬁﬁﬁﬂhéﬂ‘ﬂ e(gftﬁfgallg%r)y l?é@a(sq:o?%fiééeﬁ&ﬂﬂg HPitd nﬁ]ez&ﬁagﬁe apgpRei ated

wi th a node ose I ndex Is s 2D (1 D bei ng t Ight of the
bi nary tree; biwrytrep| and stogingshpecbre vmdemytha miemary mpeans h sai d

processi ng nmeans a wei ghted conbination of the n nrﬁ r. of amp Le ,ite
Pecocratod win the 1 ElwEn SAT phseshe e, i ay B PATERL Gt
and the nusrbefargbt heogamdigg Iat@ﬁm.reaﬁmkeawgaséwafsboéuaﬁeosﬁmo@ dtﬁﬁpﬂ.s?etsel

value to belongto the subSpace s; the weights in said weight
combi nati on athe esgeldtamvand, the rate of sanple itens associ at ed with the

subspaces £ and £ and (e PRI ERAT Belp Ao sBlad whTspisttalbditine v st
given | abel value in the subspace being split into disjoint subspaces E and

S. said splitting_is performed by m ninzing by processi ng neans the val ue
of i=1ni =1 This method enables superior péerformances, highlighted through

10  extensive simulations, which arise from the fact that it actually solves the
optimization problem posed functional: it builds a recursive scoring function
that converges to an adaptive approximation increasingly close to the
optimal ROC curve.

In addition, proposed techniques of resampling (bootstrap) enable to

15 easily obtain large amounts of samples, leading to very reliable scoring
rules. Besides, the nonparametric aspect of the approach allows dealing
with data often poorly adapted to Gaussian distributions.

But, the most important point is that this method allows generating
scoring rules that can easily interpreted by a non-statistician. What is called

20 a Scoring rule here is a combination of simple binary rules for which it is
possible to quantify the impact on each attribute or component of the vector
of observation.

For example, in the case of medical diagnosis, when the observation
vector consists of a set of measures of blood parameters, scoring rules

25 generated will result in the form of value ranges for each parameter,
defining the two categories "healthy patient" and "sick patient". The number
of categories may of course be greater than two.

Finally, these rules can be easily visualized as an oriented binary tree
where the most interesting parameters appearing in the top part of the tree,

30 so as to be directly understandable by a non-statistician user.



25 where: is the set of sanple itens associated with their binary |abel,
and is the rate of sanple itens associated wth the second given | abel
val ue i n wheosubsepace being split into di3joint subspac®STEPAMANOEB555s t he
first |abel value, 2 is the second | abel value. the nunber of sanple itens
and/ or the nunber of dinensions of associated subspace to take into account
during said splitting is reduced; 5 said nmultidinensional space is an

i nfinite-di nmensional space, said splitting conprising an approxi nation of
sanple itens into finjte-di nensional itens; t he net hod conprises a step
(cl) of selecting byeieaiad B%‘&%@i‘ﬁHB”%@ﬁ@rﬁs%6@‘?&98?”{ Ky eNgPRetdCsihar y
tree and repl ggjoq¢g the binary tree by said 10subtree, wherein said step
(cl) follows step (c); a Receiver Qperating Characteristic curve is built
by the processi rnthermaders valuestfegadhcrigdd comgaisk s Eopair loff @ abudst theefirshmibest or ed

is the nenory means, the selected subtree being the suptree termned b
t he processi ﬁejaw@arﬁ@r%%enﬁaeitha depth A e@gwrb%qﬂa@w F?% a ﬁ“&é?%‘?ﬁdd y

15Recei vers Opefdahd \RusharaseMtinieCosatioror thid MRELhVS biVERaEREI dTHepth in
Characteristic curve 1s built by the processing neans at step (cl) for each

Eo_ssi blﬁ subLthﬁetrea;nd st_oreg Ls tﬂe nmenory neans, the sel ected sEbtr_eeh
Coext e Foditar B VEhsil o B DEOE AP AR B
Char act 1151 ol ShuoShiled o) e BRI AR FRASTLE! BBEHTR, LER) w
mul ti-val ue | ecti$ |? (?!Jrnlaikg ér?obfch%aﬂbrﬁzt' ng if an object represented by
said exanple 1temsairsfies or not the given binary property, the first

abel 25l ye figidiard Bechalela wah uFngas AFRESHAUK 1 (119 isamie djbepe o

satisfying the given binary property, and the secon e bei t he
| abel val ue agsBsihgtes hdightof the 15iRER/ teed:t ens sati sfying the given binary
property;
e said splitting is performed by minimizing with said processing means a
weighted combination of the number of sample items associated with the

first given label value to belong to the subspace g., and the number of
15 sample items associated with the second given label value to belong to the

subspace ¢ _;

o the weights in said weighted combination are respectively the rate of

sample items associated with the second given label value in the subspace

being split into disjoint subspaces ¢, and ¢ , and the rate of sample items
20 associated with the first given label value in the subspace being split into

disjoint subspaces ¢, and ¢ .

e said splitting is performed by minimizing by processing means the value

of

Foe)=20-03uly, eo ¥ =g )e 203y, co ¥ =2 )

i=1 no g
25  where:
(X,.7,).(X,.Y,) is the set of sample items associated with their binary label,
and
o is the rate of sample items associated with the second given label value

in the subspace being split into disjoint subspaces ¢, and ¢

2



the nulti-value | abel conprises at |east three values (1E), the |abel

val ue being ascending with the probabili tg/ of satisfying the given binary
30pr oper twp 2are/032118nt ed bi nary tree bei ng®forned and st ec@&krhan/oemsh of the
E(E -1) possible pairs (1,2) of |abel values so that<2' the first | abel

val ue bei ngand the second | abel value being the multi-value |abel
conprises at |east three values (1E), the | abel val ue bei ng ascendi ng
with the probability of satisfying the given binary 5property, an oriented
binary tree being fornmed and stored for each of the E -1 possible pairs
(1,2) of |abek: V@aihgdystlabet yaluei rst | abel val ue beingand the second | abel
val ue bei ng a pluralit f sqts of sanple itens are generated and stored
at step (a), &n '5&?%%%‘%'?53#‘@ t¥ee being formed and stored for each set

of sample 10itens. _eacgh s f I ite i,s a bootstr.ap repl.icate
cencented by SaibeiRRe s fosid Thts kiR iths huiRBel dafnig yiohd; &
I tens; t he agBddigedaBRPESE fo taketiaR 46tbunetiuagg saiwadplinthd Beelicsadl ity of

fornmed binary trees and determ ning a best scoring rule, said step (cl)
fol | owi ng 15seeEdi@) multidigeepiopall )spesapis sy infieite-dimensivgas spaseepsid for

the mutt1 ai menering oty RERfAmBhd & bapRREDR e TR MR GAT R NP AL

term nal nodegemd0- aggregating by said processing neans these partitions

to form
e the method comprises a step (c1) of selecting by said processing means

a subtree of the formed binary tree and replacing the binary tree by said
10 subtree, wherein said step (c1) follows step (c);

e a Receiver Operating Characteristic curve is built by the processing

means at step (c1) for each possible subtree, and stored is the memory

means, the selected subtree being the subtree determined by the

processing means as having the highest Area Under its associated
15  Receiver Operating Characteristic curve;

e a Receiver Operating Characteristic curve is built by the processing

means at step (c1) for each possible subtree, and stored is the memory

means, the selected subtree being the subtree determined by the

processing means as having the highest Complexity-Penalized Area Under
20 its associated Receiver Operating Characteristic curve;

o step (¢c1) comprises a cross-validation test performed by the processing

means on the set of possible subtrees;

o the multi-value label is a binary label indicating if an object represented

by said example item satisfies or not the given binary property, the first label
25  value being the label value associated with the sample items not satisfying

the given binary property, and the second label value being the label value

associated with the sample items satisfying the given binary property;

¢ the multi-value label comprises at least three values (1 <& <E), the label

value being ascending with the probability of satisfying the given binary

30 property, an oriented binary tree being formed and stored for each of the



a conmon subpartition; for each forned binary tree, providing and storing
a scoring rule by scoring each part of the comon subpartition

for each woanizmg2nal e, providing and storing a ranki ng GCTERROIZBPISS S
scored according the scoring rule; determ ning by said
processi ng neans a nedi an ranking anong the plurality of ranking, and
storing the nedian ranking in said nenory neans; and

sel ecting by said processing neans as the best scoring rule 30the scoring
rul e associated with the nedian ranking; the sub-step of determining a

medi an r anki ngEonbr sespRala e%gwg abal LIRSS IANG TNt Iabel

dissimlarity rate between each ranki ngs, and ctting by said
processi ng nmeans as .t he medi an ranki %the ranki ng whi ch shows the | owest

di ssinil arityVAkedsIng K, @R tae second fabichyaluedain@ Chedi an ranking is a
Ki - <* t hat . - 1 wh L, -< - < h '
e R T e e gL splaset b FabS, A 9 g,
Y vkt slith it fod Brébddii o satliFing: tne gnelt Bhén e
5 property, an oriented binary tree being formed and stored for each of the

= -1 possible pairs (£,,&,) of label values £, =&, +1, the first label value
being £, and the second label value being &, ;

e a plurality of sets of sample items are generated and stored at step (a),

an oriented binary tree being formed and stored for each set of sample
10 items;

e each set of sample items is a bootstrap replicate generated by said

processing means by resampling a main set of sample items;

o the method comprises a step (d1) of aggregating the plurality of formed

binary trees and determining a best scoring rule, said step (c1) following
15 step (c);

o step (d1) comprises the following sub-steps:

- for each formed binary tree, provide and store in memory
means the partition of the multidimensional space formed by the subspaces
associated with the terminal nodes;

20 - aggregating by said processing means these partitions to form
a common subpartition;

- for each formed binary tree, providing and storing a scoring
rule by scoring each part of the common subpartition;

- for each scoring rule, providing and storing a ranking of the

25  parts scored according the scoring rule;

- determining by said processing means a median ranking
among the plurality of ranking, and storing the median ranking in said
memory means; and

- selecting by said processing means as the best scoring rule

30 the scoring rule associated with the median ranking;



(cl) is the rank of the part c, anong the other parts of the common
15subpartition according to the ranking -<1; the dissimlarity rate
i s defi newoasidos208i f \| K1ll-< ik'21 whe¥e: c,...cK ar @CTi@P2pans3ssdf t he
comon subpartition, and 20R i (Cl) is the rank of the part c, anong the
ot her parts of the common subpartition according to the ranking -<1; the
dissimlarity rate is defined as 2 K(K(C)- R (C(R2(Ci) - R2(Cij
-1)-1-1 (Ci) =RiI(C1), R #R1 (G ) # Ri(C1l1l), R = R1 where:

o the sub-step of determining a median ranking comprises calculating by
said processing means a dissimilarity rate between each pair of rankings,
and selecting by said processing means as the median ranking the ranking
which shows the lowest dissimilarity rate with the other rankings;

5 e the median ranking is a ranking <* such that

N N
D 8(=*,%,)=min Y §(%,%,,)
m=1 =

- m=l
where:

=,..=, are the rankings, and
0(=,,=,) Is the dissimilarity rate between a pair of rankings;

10 e the dissimilarity rate is defined as
1< , Y
6(512) =2 2 (R, (C) =R, ()
i=1
where:

C,..C, are the parts of the common subpartition, and

R, (C;) is the rank of the part C, among the other parts of the common

15 subpartition according to the ranking <;;

o the dissimilarity rate is defined as

K

5% =Y

i=1

le ((/‘z')_lej2 (Cz)
where:
C,..C, are the parts of the common subpartition, and
20 R, (C)) is the rank of the part ¢, among the other parts of the common

subpartition according to the ranking <, ;

o the dissimilarity rate is defined as

32 = e DR, €~ R )R ) - R (€))<0)
L SR, () =R, (C).R,(C)# R (C))]

K(K - 1)

1
K(K - 1)

izj

J’_

zzlﬁgﬁly)iRj(CjLRﬁ(CJ:nga%)}

izj



C, ...CK are the parts of the common subpartition, and (Cl) is the rank
of the part C, anong the other parts of the common subpartition according
to the rawRi2atp/o3zms 5 In a second a%pect, the inveaTiEpaoipoeissites a
deci si on-support system conprising processing neans, input neans, output
means, nenory neans, the processing neans being configured to inplenent a
nmet hod according to the first aspect of the invention. 10 BRI EF DESCRI PTI ON
OF THE DRAW NGS The above and ot her objects, features and advant ages
of this invention will be apparent in the follow ng detail ed description of
an 15i | | ust r aMNE enbodi nent thereof, with is to be read in connection with

t he accorrpanyicn.gcdr&gﬁtﬁgﬁﬁ\gg%%@mmﬁ;&pg% rfi?'clm esfnt s an exanple of a

binary tree uséd fn a ne according to the r'st aspect of the

i nventi on; K@y és 2hé eanieapnhs gt eXadmbAgatheaothien PaytssoibtHecoma®sh i N an
20enbodi nrent of' a nmethod according to the first aspect of the invention;

Figure 3 is asgbgaitien atcamir e Bkeahriny %ecei ver (Operating Characteristic
(ROC) curve of a method according to the Tirst aspect of the invention; 25-
Figure 4 i a diagramrepresenting steps of an enbodi nent of a nethod
according to the first aspect of the invention; Fi _gure 5 represents ‘an

% tion

exanpl e of a bi nar " SuBEFRBI-RSPEEL M i HYERRD |RIPYESE 80RRET LuBHRRY

| nduced by 1 gpetahi WiHrRIPBICLSAR medtREthiut ridarkBRHUTIALY, rierfiBR0d

according to t firrst aspect of 30the i1nvention;

2012/ 03211810PEHNEP204 1Pr066585g Fegns dedag copfigsieed $0 inpenaapt 8@ néthwdset of
sanple itens used to , : .
according to the first aspect of the invention.
10

BRIEF DESCRIPTION OF THE DRAWINGS

The above and other objects, features and advantages of this

invention will be apparent in the following detailed description of an

15 illustrative embodiment thereof, with is to be read in connection with the
accompanying drawings wherein:

- Figure 1 represents an example of a binary tree used in a method
according to the first aspect of the invention;

- Figure 2 represents an example of a binary subtree used in an

20 embodiment of a method according to the first aspect of the
invention:

- Figure 3 is a graphic of an example test Receiver Operating
Characteristic (ROC) curve of a method according to the first aspect
of the invention;

25 - Figure 4 is a diagram representing steps of an embodiment of a
method according to the first aspect of the invention;

- Figure 5 represents an example of a binary subtree characterizing
the largest common subpartition induced by tree-structured partitions,
used in an embodiment of a method according to the first aspect of

30 the invention;



illustrate the method according to the first aspect of the invention;
Figure 6b is a graphic representing the bi-level sets of the regression
functi on wexoryEeEd with the exanple of fl0gure 5a; 5- FiPGEEP2EIE/053S5H
graphic representing the bi-level sets of a scoring function |earnt from
the exanple of figure 5a using the nethod according to the first aspect of
the invention; Figure 6d is a graphic representing the optiml ROC curve
and the test ROC curve of the scoring function of figure 5c. 10 DETAI LED
DESCRI PTI ON OF A PREFERRED ENMBODI VENT R?f erring to the draw ngs, a
met hod accordi ng t 5'STErRF ERreaeBitudeHamP!8©Of @heet GhIAT PEnitais U Qe
descri bed. 15 Prel jm J T i ild &l Lstigxactly the
sanme as the one inmg‘t'sg%{?at?% rB?tﬁngél%chﬁsl@??rl?gﬂﬁﬁ%h%sﬂ[)%&g‘rf]@ét @Xeﬁgﬁﬁ’exanpl e
by (X, Y) a pair -of FiRuratthamavgnaphld representmgitbe{ti-leviEl sets of themagsedsavel and
X is an item nodel ing,sone observation for edicting Y, taking its val ues
ina feature spacehﬂ%}'.oﬁ aéﬁoﬁ'ﬁgﬁﬁj \Hlﬂﬂr@ﬁ%%ﬂmg[ﬁngﬁsffcg%ﬁg’ﬁ’ couple (X, V)
representssan ohj ethurtefwispaj@@bhwréﬁeﬁbﬁgn@rth@%i-@vgl ¥ers b aesrc)oringF
property. If the binary property is satisfied, Y = +1. Else, Y = -1. For
exanpl e, as expl ai figtionnlegamisfrogniteq t exgmpledpt diguse deasing theemebjastt i s

Rsboci ared with o pavdtaie BPB3E asrkst BPLBIITIon, e body i emperature of
the patient, its agguramd ishe geasiienepriseptingfthgioptimAROBocies HAifhey

| ynphocytes in its blood. It is to be noted that X ma% be a (possibly
nul tivariate) sanpltesiROC curve of the scoring function of figure Sc.

10
DETAILED DESCRIPTION OF A PREFERRED EMBODIMENT
Referring to the drawings, a method according to a preferred
embodiment of the invention will now be described.
15

Preliminaries

The probabilistic framework is exactly the same as the one Iin

standard binary classification. Is denoted for example by (X,Y) a pair of
20 random variables where Y e {+1;-1} is a binary label and X is an item
modeling some observation for predicting Y, taking its values in a feature
space y — R? of high dimension. Thus, each couple (X,Y) represents an

object, this object satisfying or not a given binary property. If the binary

property is satisfied, Y =+1. Else, ¥ =-1. For example, as explained, in a

25  context of medical diagnosis, the object is a patient, and the binary property

is “the patient is healthy”. The item associated with a patient may be a tuple

comprising the body temperature of the patient, its age, and the
concentration of given antibodies and/or lymphocytes in its blood.

It is to be noted that X may be a (possibly multivariate) sampled

30 curve (for example time-dependant data, i.e. X = X(¢)), in other words an



30curve (for exanple tine-dependant data, i.e. X = X(0), in other words an
WD 2012/ 03211811PCT/ EP2011/ 065555 infinite-dinmensional item In this
"functi orMiD20124138i18n, the input curves sHa3l|l be proj ect @ITHEPRE1M65555
finite-di nensional subspace. In the case of three or nore categories,
a conbination of binary properties may be used. For exanple, to manage
three categories the 5 patient is healthy", the patient has disease A" and
the patient of disease B'", Afirst label 1/1 indicates whether the patient
is healthy of not, and in the case Yi -1 a segond |abel Y2 indicates
whet her the di@@ﬁ%ﬁ%”ﬂoﬁﬁ' fem. ?rTH&efL{r\%OB?ha\’WS'BF‘o ipes CeRipspehall
processed sepgkalSktiedEis a YR YinBHS o & glgécg'_fi cati on probl em can be
reduced to one gaﬁr Jm)ree i naary I1OCII assi(%rlﬁcayﬁon problem Alternatively, Y
may be a mul ti-val brethalwsise( oEtHree. or niEre, categorss nai caynlinabonleafebinary
gradation of confidence of achievenent with respect to the binary property.
7 bar i cul ar RHETHES e ben oo d o PESKR ¢ clon e 508 DY oS radraaling e
("maybe") det wﬁgnﬁigﬁwém f,e{tf?]éup@tiéhﬁh% diddfaseh®” Shdaihs @ét%?ﬂrdﬂdiéle:ed§ to
se e .

be satisfied, Y=3. i property is to be unsatisfied, Y=1). As an

exanpl e, someBreAlifisst laben¥hingidase o whetherde patiest fs healthyl efext, ardin the not
di seased" to 4;_rseriqusly ill/: A hodi . accrdifgg to
t he i nventi oné%%%s}ge_ _33%dg‘?%or}dh@bggs@n%%%sﬁgﬁ%%W%?gvéansai?%%% © %Ich] Igﬁ,’]'be

expl ai ned bel S o [ I ' e LPEI wil |
be essentiall 3W reg%g[ggj birga‘?g @:6?8 feesbil:%grt{/é/@@aés%ﬁ%iac%%cﬁg% bzﬁgﬁi Ia{lggﬂt%/ t he
i nvention i s nuttiplentlaesificatiarhipsoklase,canntbeareduceskitd | @k iar trioee abinanoul d

known how to adapt. it to any nultiple classification problem So, the val ue
of the bi h@ryC%éB@'PaﬁPerroi’ﬁgerj ect is generally unknown, 25 and the ai m of
the invention is taBglpvER

Vedagy $RCA P aflRPBBEI 193 128 YaprdSeting”,

t
knowing its item X, named the target item and know ngﬁt he''val'ue of for a

set of sanpl eaht emkréXigradaon of ocdrifideneadof tbkicheinkat vace pesibact tootHehe
i nvention proB_oses to provide with a_score s the object represented by the
target item XPINgAY Preargsbe |8 RFEtipYar.dbfeséntlatid &@f CPHESBOM bbaniteia 9f t hat

H‘g bgg% fl‘?: ysﬁhgﬁé@ﬁ%} PRadb¥8bVRBRYNB T B drin StitE IftheBIndPy bRSperty

15 is to be satisfied, ¥ = 3. Else, if the property is to be unsatisfied, ¥ =1). As
an example, some medical benchmarks of illness take five values, from 0O:
“not diseased” to 4: “seriously illI’. An embodiment of the method according
to the invention can be used in the case of such multi-class as it will be
explained below.

20 For the sake of clarity, the following description will be essentially
related to a single binary classification problem, but the invention is not
limited to this case, and a man skilled in the art would known how to adapt it
to any multiple classification problem.

So, the value of the binary label Y of an object is generally unknown,

25 and the aim of the invention is to help to make decisions depending on the
value of Y, knowing its item X, named the target item, and knowing the

value of Y for a set of sample items (X,..X, ). To this end, the method

according to the invention proposes to provide with a score s the object
represented by the target item X, said score s being representative of the

30 probability that the object satisfies the given binary property, in other words
the probability that ¥ = +1.



WO 2012/ 03211812PCT/ EP2011/ 065555 This nmethod is perforned in a
conput er environnment conprising processing nmeans connected to nenory neans.
For exanpWe,201ms21mnory neans are a hard 1gri ve of a comparaProianessshe
processi ng nmeans are a processor of the conputer. 5 Scoring - Data input
First, data representative of the target itemand representative of a set
of sanple itens has to be stored in the nenory neans. |ndeed, as 10 already
expl ai ned, the nmethod according to the invention is based on

machi ne-1 ear ni ng. %o, t he score frncti n that will provide with a score the
obj ect represent ed!BF MRENPEI§ACTTRABIRG ) R CAMRUIEF SAVITRENRRT CAMBHRBI%
jtem  ThboctRlintihebRs RBnREONHIB tnolibr RdPRIFERLXEXBID!iRe idthanse!
may consi st i eal t W paraneters of various patients Ich are known to be
15 heal thy (Weanslalg adradtdhraie bf paceamputarsaotl thamproogspaginmeass e ch are
known to be ill (Y = ﬁﬁgé. The nunber of sanple itens is inportant.
The nore theypﬁ? SREhEY §Pnﬂﬂgehnre the score will be accurate. Moreover,

t hey have £0 be very exhaustive, and cover the |argest subspace possible of
t he whole 20 nul tidi nensional space. For exanple, if all the patients whose
heal t h par anetSepsnar &algéwids sanpl e itens have the sane body tenperature
of 37C.-38C., it wll be difficult to reliably score patients whose body
tenperature is above 39C. 25 Scoring - Binary ranking trees From t he

set of sanple itenFirst o=ed répresbataiRansitheaanget itehe apidoCesssaYavans a
generated an oriented binary tree. |Indeed, the nethod according to the

i nvent i on focG8kS sAMPIE YGRS Nasttake slaedindbennea audeans. bieasiaf
nvention fo Amele . P o _
20121 03211813PER ERAOTL7 Db ilt MEthobERedting 35 RBTRVEnoNds aped on i gy

oriented, roohemthnaimayningeS8oThe scorte mrictiontteatiet brdvide withes gcore the
non-term nal node of TD i s %gls ci ateg.vm't.h a sggset C x and has two child
d itg It

nodes: & | f t OBieH} [FRICERIIS] VIR LASRDItP S HEABLEOMABFySch SL5emBRlETi t h t wo
subsets deft C angh(d §bthas ¢ HeShroviddd htheas bl 4BRRi e 2879 SERRRA W th

the root node by convention. Such a (conplete) ranking tree Is called a
mast er ranki ngomsiekjn ardlthparapretsehvédafiousepaiigrite vidyichrarefknpwie ta be

TS e 1L BRLSYS - ) BRaOhORNY ol St R S36. 8 G SRE A ™ @

known to beill (Y =-1).

The number of sample items is important. The more they are

numerous, the more the score will be accurate. Moreover, they have to be

very exhaustive, and cover the largest subspace possible of the whole

20 multidimensional space. For example, if all the patients whose health

parameters are used as sample items have the same body temperature of

37°C.-38°C., it will be difficult to reliably score patients whose body

temperature is above 39°C.
25  Scoring — Binary ranking trees

From the set of sample items stored in the memory means, the
processing means generated an oriented binary tree. Indeed, the method
according to the invention focuses on a specific family of piecewise constant

30  scoring function, those defined by a binary ranking tree namely.



10its position in the binary tree, it is possible to associate wth at

| east each term nal node of the binary tree a score depending on its index
val ue i n wheotosarg tree. For exanple, tHé score may i NCCEAPRONMIETFSS
travelling the tree formright to left. Advantageously, the index val ue of
each node conprises a pair of values, the first index val ue representing
the depth of the node in the 15binary tree, and the second index val ue
representing the position of the node in the binary tree, for exanple
(d,k), with d E-11 and k E-11. In this case, the index of the root node IS
(0,0) and the i nde%oppiderdirst a qompigte; Heftsighbraeatrd. doatseeRIngry ee 7,

kD) " agbaia E%@?étrﬁd&x% | B oGl PoRe of Fe s PRt R o ay
be chosen a5 Gl BILAPHS ol Sk 4ol BB BRFERl T 1

ot her words, Sc *associ a et ose |
2D(1-k/ 2d), RAERItRY ro S

function is |T sﬁzsetcpgc%lg?é%m?l gurgﬁi\%%g@é&%héﬁtgcrlnéﬂl %Wbdes of"”’ %{g{ ary
tree formsa aridd i@pesf desoctiey Af9he! t6n FBAL! Lhetsbntibn! hegibspace
associ ated with one an onyonetermna node, saldtermna node
correspondi ng ¢01m|alettéfnanbm|gsi0€m & callag a@a%teezanlengm@y BRA04 1¢pesSeated

Scoring - Splittin 1 at ed subspaces The key to have a
reliable scor%q{gexﬁﬁ?fg?i Mﬁﬁ?i'gf*f?e construction of subspaces associated with

fo the helght D i o Mmoo,
i ndex val ue afeims 8pesifirec§ andBwgyinglindexnaiwes/treaely node in relation with
10 its position in the binary tree, it is possible to associate with at least each
terminal node of the binary tree a score depending on its index value in the
binary tree. For example, the score may increase when travelling the tree
form right to left. Advantageously, the index value of each node comprises a
pair of values, the first index value representing the depth of the node in the
15 binary tree, and the second index value representing the position of the

node in the binary tree, for example (d,k), with de{0,.,»0-1} and
ke{0,.2¢ ~1}. In this case, the index of the root node is (0,0) and the index

of the first and the second child nodes of a non-terminal node whose index

s (d,k) are respectively (d +1,2k) and (d +1,2k +1). Advantageously, with

20  such indexation, the scoring function may be chosen as:
5p(x) = 3 22(1-k/2¢) 1k ey, )

(d,k): terminal nodes of T

In other words, the score associated with a node whose index is (d,k) is

2°(1-k/2%), i.e. terminal nodes are scored from 1 to 2”. Such scoring

function is illustrated on figure 1.
25 As the terminal nodes of a binary tree forms a partition of yx, the
target item shall belong to the subspace associated with one and only one

terminal node, said terminal node corresponding to a defined score.



The generation of associated subspaces follows two rules. First, as already
expl ai ned, the subspace associated with the root node is the whol e

10mul ti diwengizmsaiisspace x. Then, if a ndde is a non-tePEITERROINOETSS i t S
associ at ed subspace is split into two disjoint subspaces E and E which are
respectively associated with a first child node and a second child node of
said non-term nal node, said splitting being perfornmed by the processing
unit according to a classifier mnimzing the nunber of sanple itens
15associated wth a firs iyen | abel glueE {1...E}) to belong to the
subspace E, ar§P8PI MﬁdﬁgQFaﬁﬁOQ§H SUDSRIGRS associated with a second

gi ven | abel value (2 E>i n other mnrds the second | abel val ue bei ng
representative of a higher probability that an object represented by said
sanpl e item sati sfiThs kéwetginaye binetalplepsoprng yundteon ssaihe cf:d»rnsitucgioreuf

20l abel value) fto belo to.the. subs i aned, for
sake i wil BUbTRAES OGP P deandi S tea i PHliTyAn BRSOl hade

Consequent4y, men1|e&/§aspl|&/é| LP® tﬂé&mgmt@ds Y‘éé&héd“'me@éﬁératé%‘ H@d@@af@t
satisfy the given binary property) and= +1 (sanple itens associ ated

wi th this | ab@psqelated y4th gnyinde V@Iu@@nﬂuaaupsgapeogadtgtpred in memaryevery
case, the prog_'ae I|ty of satisfying the given binary property is higher for
an item bel on 8 to the subspace E than for an item bel onging to the

subspace s. |f theThelgeneehtidlonagdsodiatdchsubsfdcesifbliowg taoduldse Firee e
child node is the right sibling, the nore the |eft a node will be, the

hi gher its 302488y axealr@%ﬁ@ewbw%@ asyqoigted iBIIEIDE POTe EPHTE Wholss 555
The probl gin qud"t?éﬁ‘m Aslgrafl dfageb StTﬁé'uf’S o advadﬂ '%dnste?rﬂ}ﬁa‘[( ﬁg it

known bi nary assitication probltens n ee ageousl unctlon

which has to Bgsdgigtet &?&da%eﬁs‘@%‘llgmtS‘#WBQﬂQbﬂﬁts'dP)@pQEe§*’t‘% and &_ which

are respectively associated with a first child node and a second child node
of said non-terminal node, said splitting being performed by the processing
unit according to a classifier minimizing the number of sample items

15 associated with a first given label value (&, € {l..2}) to belong to the
subspace ¢, and/or the number of sample items associated with a second
given label value (&, € {I..E}&, >¢&,, in other words the second label value
being representative of a higher probability that an object represented by
said sample item satisfies the given binary property than said first given

20  label value) to belong to the subspace ¢ _.

As already mentioned, for sake it will be considered that the label is a

binary label, i.e. E=2. Consequently, £, =-1 (sample items associated
with this label value do not satisfy the given binary property) and &, = +1

(sample items associated with this label value satisfy the given binary

25  property).
In every case, the probability of satisfying the given binary property is
higher for an item belonging to the subspace ¢, than for an item belonging

to the subspace ¢_. If the first child node is the left sibling and the second

child node is the right sibling, the more the left a node will be, the higher its

30 associated score will be.



nunber of sanple itens which do not satisfy the given binary property to 5
bel ong to the subspace s+, and the nunber of sanple itens which do satisfy
t he gi verwbizamvog2p8operty to belong to tHé subspace s, PhE/ERIIgHs3sS5 n said
wei ght ed conbi nati on being for exanple respectively the rate of sanple
items which satisfy the given binary property in the subspace being split

I nto disjoint subspaces E and s, and the rate of sanple itens which 10do
not satisfy the given binary property in the subspace being split into

di sj oi nt subspaces_E and s, i.e. the rate of negative sanple itens in the
subspace C 1= n aﬁhetH@mﬁfféoéih%é‘i’tfi%t@%ﬂ?@lsg SULSRRCSS tthe 28Gb$pate C
15)6(0=-1 EI {Xi. Ec,Y,.= = 1- n i=z1 wherein n =n(0C(C)+ | ] . ln a
suth case, ancBYRRIL o Rharnitind s e hiohlehS e faddVebdeousfy 1.
WX s,Y, thettdnotienswiYich=hasl lo el MphiReZedWy esweightdd tombmdtiont 6f e
positive)x (rate of false negative) + 20 (rate of negative) >< (rate of

fal se positivaymbemsfaeamplefitanpaics 89 retsalisy e obieraBinBty PESRETH ¥ CART,
r.OCessi ans to

SVM neuropal _net wor k etc...may be_carried out by the pr n
qui ckl'y antl ePPIAISIR TP PRePacs s plel e (P, Sh o PIgiEIE Jtligh ¥
m ni m zi ng sugh;: £ L ' | 4 be pgrfegc ut
T Zing SuShid) GXRGSPD ARy PRIGSA BAIbRG 18T BbspR’E PRIEFENY
in said weighted combination being for example respectively the rate of
sample items which satisfy the given binary property in the subspace being
split into disjoint subspaces ¢, and ¢ , and the rate of sample items which
10  do not satisfy the given binary property in the subspace being split into
disjoint subspaces ¢, and ¢ , i.e. the rate of negative sample items in the

subspace C:

a(C) = lzn:l{Xi eCY,=-1}=0
n

i=1

and the rate of positive sample items in the subspace C

15 ﬁ(c'):%il{)(i eCY, =+l}=1-0

wherein n(C) = n(@(C) + B(C)).

In a such case, an expression of the function to minimize may be:
~ 2 n 2 n
Ls,a)(g+) = —(l-O))Zl{XI ¢ 8+7Yi = +1}+_0‘)21{X1 < 8+7Yi = _l}

n i=1 noog

In  other words, I, (c,)=(rateof positive) x (rate of false negative) +

20 (rate of negative) x (rate of false positive) . Methods of supervised classification as

for example CART, SVM, neuronal networks, etc., may be carried out by the

processing means to quickly and efficiently find a subspace ¢, (and so on a
subspace g_) minimizing such an expression.

This splitting has not to be perfect, but efficient. A too precise splitting
25  would describe random error or noise instead of real relationships between
X and Y, and would excessively exaggerate minor fluctuation in the data :

such a problem is called overfitting. To prevent it, the number of degrees of



25 woul d descri be randomerror or noise instead of real relationships
between X and Y, and woul d excessively exaggerate mnor fluctuation in the
data : sweb2a1mebBemis call ed overfittilg. To prevent PCT/EPRéIG/opasEDer oOf
degrees of WD 2012/03211816PCT/ EP2011/ 065555 freedomis |limted when
splitting, leading to a sinpler partition of subspace, and an increased

| ear ni ng speed. Advant ageousl y, the nunber of sanple itens taken into
account and/or the nunber of dinensions of the space are voluntary reduced
while 5 deepening into the binary tree. For exanple, fromone |level to the
next, only 10&@6?8]%'@ ligiigs) whep srttingy 138 inG iR 8 $IMBIEE P ERNPIRIPSPESP] ed
data random zghhem ink2a3BQ4d%Hhi dgy prevent overfitting, and then to

i nprove efficiency 1n case of n rous di nensions. For exanple, in sone
cases of data m ni Agvatageauslysdioe imgnbebjoésamle iteres welhpageso atheununber
of di nensi on nay, exceed ten thpusand, i|e the nunber qf sanple .ite may
exceeq sever aPRIOT g KL gt GE STBERG Hnsy S s Bap &g Sy et S aep KRy 15
I'n case ofs"fuBebeMAglintodBE dinarl atece ¥k 2kBRpId, Tfdmione-18iempIhe Pkt ich@mM i n
input, "filtering" or "regularization" nethods may hel p providing

proj ections, i10& of theskonplentemsfmaytee deusedi dHah tecensilentcalled data

Lo oot o By R85, PSS FRE A, L5 Bol By ARELREAST T B 1O
exanpl e Fouri efficigrysheass of haplercss tingdrsfieisrs, or in particul ar Wavel et

transforns which are especially preferred) are effective for hel ping
expressi ng functi ohal e¥amale, i 808 HSERE] S8k NHRAIBPDACSHrIYnRIareigs Ob)AlRe| et
e ansf o 1y a7 8rgGlebokBRYNTHE pLihd i dhidhrofal igEesehifo,Siha Anie”
Fourier analysis, a wdvel et transtormfactorizes a X(t) signal irito sinpler
el ement s (respechumeky ohisampleoterns mmsoexteeanskersiuniliohs WRisks ef syerfittiregy mai n
difference is that velets are localized in both time and frequency

wher eas t he s?%ﬂ%@’:ﬁ%uri er transformis only localized in frequency.
30Wavel ets are wave-like oscillations with an anplitude that starts out at
zero, increases, and then decreases back to zero. It can typically be

vi sual i zed asFdferibgi ef oscillation". Wavel ets of the sumare the
nost ofteg%generat ed by the shifts of one generating function "1, the

not her wavel et. Well known exanpl es are Daubechies, Mrlet and Coifl et

&HQ?L i ]ggf cc \Vave|rptagoef fugtiitay @dta X has eXplamed) isfitita-dimendibhal itBm)
in input, “filtering” or ‘“regularization” methods may help providing
projections, i.e. transforming infinite-dimensional items into finite-
dimensional items more easily usable in the method according to the

20 invention. To this end, mathematical operations called transforms (for
example Fourier transforms, Laplace transforms, or in particular Wavelet
transforms which are especially preferred) are effective for helping
expressing functional data into an orthogonal basis of functions.

Wavelet transforms are well known in the field of signal processing.

25  As for Fourier analysis, a wavelet transform factorizes a X(f) signal into
simpler elements (respectively a sum of sinusoids and a sum of wavelets).
The main difference is that wavelets are localized in both time and
frequency whereas the standard Fourier transform is only localized in
frequency.

30 Wavelets are wave-like oscillations with an amplitude that starts out
at zero, increases, and then decreases back to zero. It can typically be

visualized as a "brief oscillation”.



t=0 1"t 5 exanple To (t) ='1'" N a\ aj A finite-dinensional
wavel et - based approxi mation of the X function can be obtai ned by
"filterirg0,20i2zm2118¢el ecting n wavel ets cdéfficients W aPOY/EP2610/06358RND| e
the n coefficients having the highest variance anong those of resol ution
| evel (the "a" paraneter) larger than a threshold value. 10 In this case,
the approximation is given by PnX(t)=I1W(a,b) (t) Exanples based on
Daubechi es-2 wavel ets, a resolution threshold of 4, and a 37-term
approximation has |ed to excellent results pbe under st ood

) It will
that the invention %ve,{%tls Pf; thier M1 SiaeT est pHeR PENaraEsg H)j,th%lﬁﬁ'ﬂe? Per son
skilled in th%nér%eg;@rr]%tgﬁ ARV Qné ek b t.h%lllwregé [dLatd1e

i nvention to any or projecting functional data onto a spanning set
of reduced di PenbeohiesAMedetade Cdifted f@uetioms20The capacity of a candidate
scoring function s to discrimnate between the positive and negative

o0

ing f unct | i nate _ o
Recoi ver Gper at P ng SR T GEnE ol I 2 Gy gnggggfb;@xgz (Rhapeicge for
al

performance neasure which we recall below for cl&rity. 25The true ROC curve
of a scoring function s is the /yprpobability- probability"” plot given by: t
ER -> (1) s exgmpte W} (fpg =—1}) WD 2012/ 03211818PCT/ EP2011/ 065555

By convention, when a junp curé’ 4the corresponding extrenities of the

curve are connect eﬁ fﬁ?’ltealdﬂnj\é}?siéﬁ’aﬂWé@eleﬁﬂaéé@%&ﬁfd&?@?ngV)? gﬁﬁ&j&?

viewed as the grap a cont1nuous mapplng a

It can be undeastbeodbtamed by “filkarangdf i.¢.rssdeqiory b ive aldtemoeffiarerita e a,6n, of
S5the rate of false positive itens". ~ This curve provides a useful

vi sual tool fr exaserlsithg s eoeflisgntehfvingdahedighest ariesee araongéhossr of upper

corner of the untyHAILE thd+d HarkRter) larger than a threshold value.

10 In this case, the approximation is given by £ X(z)= ZW(a, b)-¥,, ).

Examples based on Daubechies-2 wavelets, a resolution threshold of 4, and
a 37-term approximation has led to excellent results.
It will be understood that the invention is not limited to wavelet-based
filtering, and a person skilled in the art will know how to adapt the method
15 according to the invention to any method for projecting functional data onto

a spanning set of reduced dimension.
Area Under the Curve

20 The capacity of a candidate scoring function s to discriminate
between the positive and negative populations is generally evaluated by
means of its ROC curve (standing for Receiver Operating Characteristic
curve), a widely used functional performance measure which we recall
below for clarity.

25 The true ROC curve of a scoring function s is the “probability-
probability” plot given by:

re R— (PH(X)> 1| Y =1} P{(X) > 1| ¥ = +1))



ROC curve, the better the scoring function s. It thus leads to a partial
order on the set of all scoring functions: for all (Si; s2), s2is said
nore accuwarel2lietian s1 when ROC(si, a) ROABsi, a) for al | PATEPR@1DFISSS

The performance of a candidate s is usually summari zed by a scal ar
quantity, the area under the ROC curve (AUC in short): AUC (s)= 17?0C(s, a)da
a=0 The nethod according to the invention can be seen as a nethod for 15
approxi mating the optimal ROC curve. |Indeed, the provided scoring function
is a piecew se Iin§ar aggroxi maﬁion_of t he opti nal ROC%c;jrve - each

term nal node corr B¥SERYSNEQN. VIe§MadYMBASCUET tie CRATEBRPINNERXIEM tghaked,

at each split tr}]ete gt%véaaﬁ‘@'o%ﬁnb&t%@%;%'Iiﬁé%pgweetnﬁ’,ls]{% it?%‘gﬁ}()g% REC cur.vel%%ﬁ:k%é Ve.

In this case t are "true positive". E re negative,

20means t hat viesedsamiiedgriaphef @etanigubos mapping ar«0akt wald(y.«)f al se
positive". So each split corresponds to a point of the ROC curve having as
coordi nates (rate Bfcandptndersieamhps “thediie ohtree pagitveotepdsntfunetianabl e
itenms in Eg e ng%%? é}s%}gglﬁgghghsof t he pi ecewi se |inear approxinmation
representing s. y ¥or ng nore l'evels in the binary tree, new

breakpoi nts of theThis canappeavislies! eadisefult visaalf itoer fap@sszassmyi scordfg t he
opti mal ROC curve. An exanple of successive piecew se |inear apﬁ@xi mat i ons

of a ROC cur veerfespares;dhaichaser do dhe feft uapemesrger obthe Heit seyaes Htkdths nary

tree, and the i mal curve, are. visible on the figure 3.

20121 032115815 FON ERD A6 EEHEE e IRoing Trctop AU s 1o80S o 3 Rapiatiaraer
nunber of terghnak RAMFaIl ScArRLRPRIIYNS: FoP BN @g,ogg RMi@M AR 4&urgle the
RCC curve, but having a | arge nunber of termnal nodes leads to

overfitti hg: tarastwhenmast(sxa) aROC Qe )ntomgllsubfdhces reveal s |1 ocal noi se,

and the splitting beconmes unstable (Slight nodifications of the set of
sanpl e itens used hB§ neéf@mﬁacewéa%rdﬁa{@ s WAly fumrepezed By & serjar

functi ons, thhg?ﬁﬁggﬂh%rgd%lqndggtﬁg)h@(ﬁjcﬁ%s(?\u(?ir{ Qﬁ%@ext part). Moreover,

as the nunber es doubles at eac eve orned ‘bi nary trees may
rapidly 10 beconme hard tolmani pul ate when their height increases, as the
conput ati onal conpkékitl~ cjfff%eaé@bri ng met hod depends on the nunber of
nodes: l|large binary trees=slow t he processi ng neans.

The method according to the invention can be seen as a method for

15  approximating the optimal ROC curve. Indeed, the provided scoring function

is a piecewise linear approximation of the optimal ROC curve : each
terminal node corresponds to a linear part of such approximation.

Indeed, at each split, the samples items belonging to ¢, have to be

positive. In this case they are “true positive”. Else, If they are negative, it

20  means that they should have belong to € _, and are actually “false positive”.

So each split corresponds to a point of the ROC curve having as

coordinates (rate of negative sample items in ¢_, rate of positive sample

items in g,). It forms a breakpoint of the piecewise linear approximation
representing s.

25 By forming more levels in the binary tree, new breakpoints of the
curve appears, leading to a finer approximation of the optimal ROC curve.
An example of successive piecewise linear approximations of a ROC curve,
corresponding to different height of the associated binary tree, and the
optimal ROC curve, are visible on the figure 3.
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In a preferred enmbodi ment, the invention conprises a step of selecting by
sai d processing neans a subtree of the formed binary tree and 15 replacing
t he bi narworeeésbmssai d subtree, said stdf fol |l owi ng t h@CSEPRO16/06%56% M ng a
binary tree. The term"subtree" of a binary tree refers to a binary tree in
whi ch any node nmay be a term nal node. Else, a node has two children. In
other words, this is an initially conplete binary tree which may have been
pruned by renoving every descendant of at |east one node. For 20 exanple,
figure 2 sho subtree of the binary tree represented in figure
1. Thl?iﬁpﬁ Qﬁée?t ey ™H1% s to optimally choose the height of the
binary tree by formng a Iarge tree and then renovi ng nodes which do not

i ncrease performances, or even decrease it. Advantageously a ROC curve is
built by 25 the pr Acfei;rs'maj nuesver diotereracal podss H pesedrargdp e stgmosd i s

th F | UC |
LAl cul At by SPRETIELERCET G RBTS SuRie B g " BraFimufibe! B tettRel e ' °
sel ect by §henpgges esrisng sRMttihgea %iébﬁtrcﬁ‘\eoﬁ/\/b(tlhtd i Maghatbsphbes idRals

sel ected subtree is the nost efficient one, 30however it may be still a
| arge tree, widdal aomegbnddhplﬁpattlrrgllaéccﬂnemuasiabm (Slight rAbtigicatbny ef the

another criterion d the ' enalized AUC i S used:
WO 2012/ oszné@b@‘cﬁ?fﬁg&'ﬁmé ﬁ@ﬁ% é‘g le%&%@sﬁ*)ver)&%%rﬁ%ﬁcw{@r e

#P(T) is the pgyehs {hflé EF&BIQ@‘]'WPIO&E%@QQM ss%nffhé‘rﬁ'ékf‘ art). b6 Flas

govermngthetraeo etween training performance ve sus no
conput at i onal theonpinesi Df/nod‘emdeeblestaé@ashtbe\teleierrinedibina:asteeeshmas} raplloﬂyr ee

with the g . =, arg nax AUC(ST . S an i t ant
par anet o M BRCREe PRTEot ST rdST bl Wik BFTy Pt WhPERsE8y 2R L08ous! v
estimat ed thapkgplgatforil @éﬁrp\t’@h!y%’[th@%cbﬂﬁ rREthbardgénly dhtePhaaBeEsbNY
means on the set of possible subtrees Ij 10(which is a finite subset of the

whol e set of Poges: Ha@ges@barryeteee)s slpw tRefrspecssing §1o@aki dati on, the origi nal

Cel oL SaTPLeS, S PR e PUPTEh Yahrisge A BE
(i.e. buildi ngeﬂebﬁn@@?%uﬁﬁﬂfbe@ﬁmgrmeahs Bt Vs thédorm@éd:blrﬁrj/ Ifr@etém AUC) ,

and the remaining N - 1 subsets are used as training 15 data
cross-val {dat f%a%%c@%b'f@ﬂt Heg by gsals eubiree. paid ?tﬁﬁéof@w&ﬁg thewsterp @%ch of

the N SUbsa”pt&frhgﬁ%%lﬁé frby ?ﬂ&?ﬁ“élﬁb‘?r \éaldf%abln‘é@/ng? Se-F?‘?olg biha

fromthe fold can eaverage or ot erwise c 0 pro ea
si ngl e esti matreenin Whizhadwamarge nedy bei s terhinad noder Ele@eatrm:der haddmo

sub-sampling i hat . al| observations are ed for t.h traini and
Soval s ot | 0o, CAICBSEROROrTAR: B 1S 0JBHaRE CoTmetanan Esanrish B, The

have been pruned by removing every descendant of at least one node. For
20  example, figure 2 shows a possible subtree of the binary tree represented in
figure 1.

This pruning step aims to optimally choose the height of the binary
tree by forming a large tree and then removing nodes which do not increase
performances, or even decrease it. Advantageously a ROC curve is built by

25  the processing means for each possible subtree, and stored is the memory
means. For each of these piecewise linear ROC curves, the AUC is
calculated by the processing means.

A first possibility is then to select by the processing mean the subtree
with the highest AUC. The selected subtree is the most efficient one,

30 however it may be still a large tree, with a high computational complexity.

Alternatively, another criterion, named the “Complexity-penalized

AUC” (CPAUC) is used:



val uet hat maxi m zes the cross-validated AUC is determ ned by the processing
nmeans, and the associated subtree T is selected and stored in the nenory
means. 1Owbabtr/seuss-validation is commpAly used. 25 RamKITMER2HIN63SES -

Princi pe The main probl em of machi ne-1earni ng nmet hods based on
recursive splitting, like the previously described scoring nmethod, is the
instability. As already explained, slight nodifications of the set of
sanple itens used may 30l ead to the | earning of very different scoring
functions. WO 2012/03211821PCT/EP2011/065555 In a preferred

embodi ment, repr eséREE by héUs(sglr & 4’3 plurality of binary ranking

trees, Wmch can be call ed together a, ranking forest, are roduc d and
He el i

aggregated so as t WNPHpriovd) ¢ RetNser ¥ PRA wgql,{mdeesogrﬁgr FaRRYAY'S r ees
!sg regards to 5#5%&8? &Olcgdetrﬁlﬁ Ohe Tr%d%héfﬁbgﬂfaeerqtrpélh’m?hb ¥or% c?é %e?
nple itens BFe generated a d st or rom each of edF eren sets a

bi nary tree i smddet rmﬂnputatuonél tempiexitg! Tife sefguted isubistramys be capll the
Alternatively, each set of sanple items may be a bootstrap replicate. A
boot strap ¥ epFHllEee Wit tBthQjéﬁ@Aétjgd by resenbling a main set of sanple

itens. 10Thus, to qbt quf sets of K sanple itens, only one set
of N> K sarrple i tens ? rangAre ?'IS is the maiin set D The B bootstrap
replicates Dr1, D'B are then built by drawing with repl acenent sanple

i tems ampng the maiknissan iMportert paranteser whichias toybefset, eossidyimanally,
splitting,

FFom uhi oh 15PHuCBARRCR VBT AGr oY ce el Maifker %o of ot GRNEe ttsﬁ{f
Sanech ! 20, SCREHOLY A b SrleAy nfLRgh B SHENP cEIERd 8y BEggeThL "
gener at edyd r opyichfis" £7hite a4UsBt 2flthe WHSET s 418 élfbtrte’é% In N-fold
mul tidi mensional space x formed by the subspaces
cross-validation, the original set of samples is randomly partitioned into N
subsets. Of the N subsets, a single subset is retained as the validation data
for testing the model (i.e. building the associated empirical ROC curve and
calculating the AUC), and the remaining N — 1 subsets are used as training
15 data. The cross-validation process is then repeated N times (the folds), with
each of the N subsamples used exactly once as the validation data. The N
results from the folds then can be averaged (or otherwise combined) to
produce a single estimation. The advantage of this method over repeated
random sub-sampling is that all observations are used for both training and

20  validation, and each observation is used for validation exactly once. The
value 1 that maximizes the cross-validated AUC is determined by the

processing means, and the associated subtree 7, is selected and stored in

the memory means. 10-fold cross-validation is commonly used.
25  Ranking Forest - Principe

The main problem of machine-learning methods based on recursive
splitting, like the previously described scoring method, is the instability. As
already explained, slight modifications of the set of sample items used may

30 lead to the learning of very different scoring functions.



associated with their term nal nodes are inconpatibles. The first aim of
aggregation is to build a new partition of x which is conpatible with the
25par ti t iwaomiosgiiBor med by the subspaceglassoci ated wi PoTHRROMMAsIFHA
nodes of any tree of the ranking forest. To this end, for each forned
binary tree the partition of the multidi nmensional space x formed by the
subspaces associated with the term nal nodes is provided and stored in
menory neans, and then these 30 partitions are aggregated by said
processing nmeans to forma conmon subpartition. Indﬁed if ;a%t)g(;m)t""i

and P2 =1CL(, 2) } 1" a grefefirg §aPedimesiisrepresepied by the figure 43 plu
2012/ 032118228@&%9%/ Q@é%s‘?%mdr?ééﬁ o éﬁué)d "E??é(thbf eFf Tén%?@re-g% are
t ﬁ subp r’]L S

respectively, e’ commo artition is the colfection o bsets of the
form CT) n G pR)ducetl anckagdtegataosdas to improvarithepecfarmhance of siaglebleinaht ai ned

b t di the . T1.t t t t [ i o f E
D SX RN MYtk b8 T Begati o Fut AT St bin g oS end Bty Brsets 1)
add a subtg eeoP@éﬁﬁﬁ@%@%é‘glré gehdratetdiadt dloras. FROh. eddifof tHisRagRRrent

associated wth the term nal nodes of the resulting conbi ned subtree,
starting at tBetsgRdearyrtstisiorneed.r espond to the conmon subpartition (it

2o eprosented by PiIge% o8l ohRFuRl IBnE uial fe SBEA LM Gy adt oBBL”
recover all tbampis itemef nmidyeoes alisutsirap eoplicwtec adoditsBap réplicee-istd set ur ed
partitions. For reasons of conputational nature, the aggregation is

advant ageous| §eBeTRERRY PEAMPIIY AHRAIN Sehpl BAMPlEtErBRd bi nds progr essi vel y
| ess and %(E.SS Conp#ﬁfﬁﬁ,hfeoeSBta?r? B)Bﬁ’feg&‘f’tss%\lso&gK BN AY glﬁlé/ e setlBF.

Medi an Ranki ng comon subpartitron makes conpara e scoring
functions asso¢bak eshmplehitemsfierequiréd.eBsis iSVikra mainssetubpahei Brbaosstfayp med

and stored in nenory neans, then for each fornmed binary tree of the ranking
forest a replicates D* ,..,D*, are then built by drawing with replacement sample

Leees
items among the main set D. Due to the instability of the recursive splitting,
such resampling is enough for producing sets of sample items from which

15 independent binary trees 7'*,,...,17'*, can be formed and associated scoring

1900

functions learnt.

These trees have then to be combined.

Ranking Forest — Aggregation
20
As the different binary trees are generated from different sample sets,

their partitions of the multidimensional space y formed by the subspaces

associated with their terminal nodes are incompatibles. The first aim of

aggregation is to build a new partition of y which is compatible with the
25  partitions of y formed by the subspaces associated with the terminal nodes

of any tree of the ranking forest.
To this end, for each formed binary tree the partition of the

multidimensional space y formed by the subspaces associated with the

terminal nodes is provided and stored in memory means, and then these

30 partitions are aggregated by said processing means to form a common

subpartition. Indeed, if P, = {C,S)}KMI and P, ={c}

k=i, AT two partitions of



20scoring rule is provided by scoring each part of the common subpartition,
and stored in nenory neans. The next step is to provide and to store
for each woanizg2nal e a ranking of the pa@fts scored acc@®CuHiERgOMI0655STOr i ng
rule. In particular, the nost natural way of defining a total order on the
mul ti di nensi onal space x is to 25transport the natural order on the real
line by means of the scoring function, i.e. a neasurable mapping s:x R A
ranki ngon x is thus defined by: e(Xl, X2)E X 2, Xi -,X2 <=> §(Xi) S(X2) . As
t he conmmon subpartitijon conprises many_nore parts . than an rtition,
associ ated wi t%hr%lagqq’rtﬁlgnﬁriq}r)lté%ﬁ ?F gnd @dﬁﬁp%&fvﬁ &g CpEM g‘é HHE0 the
hr to their rank. To enable

fZFF?EF?&np% §@t€c§$ﬁpﬁ§6¢§%%%e'tmg?%%‘f@&kﬁpéﬁ«ggea part Cof VO
2012/ 03211823PCT/ E . . Pt *
score, the rank of Eig%?ipglﬁﬁcﬁéayﬁ EgrO%gxa Ibgu%%é'béhﬂgyﬁ tf?e( %@&ﬁge &%S*?i)ﬁe

Swhere z'-<z folansng haly: esrlanyt ke {relmati anthe 77s terhinalatidde askdoiated vatrand z'
have different scores). Because the different rankings cone from

di fferent Setthebulsspaekes)” , igtdcasabwée icortapohdiny td e wittnk 'ofasaogt. VEe part
of the common subpartition may 10vary according to the r anki ng. These

vari ati ons of subshkacassgssiciated witktthe rtetrabiiad nogleisi ofgbe resutting comtiread;, t he

| aos. | not abl 6Pt 2rino St elpBBLATS 'Fo FRTSSNE doaiias; Formdy
rate betveen eagi i (hdyAskhBASed it 3bid GRS ik dnRI QRERRIR SHRNS

and t he ranking
be empty), as represented by figure 5. This scheme can be iterated in order

10 to recover all the parts of the subpartition induced by B > 2 tree-structured
partitions. For reasons of computational nature, the aggregation is
advantageously started with the most complex tree and binds progressively

less and less complex trees as one goes along.
15  Ranking Forest — The Median Ranking

The common subpartition makes comparable the scoring functions
associated with different trees. When this subpartion is formed and stored in
memory means, then for each formed binary tree of the ranking forest a

20  scoring rule is provided by scoring each part of the common subpartition,
and stored in memory means.

The next step is to provide and to store for each scoring rule a
ranking of the parts scored according the scoring rule. In particular, the most

natural way of defining a total order on the multidimensional space y isto

25  transport the natural order on the real line by means of the scoring function,

I.e. @ measurable mapping s:y - R. Aranking <, on y is thus defined by:
VX, X)ex® X, =.X,es(X)<s(X,).

As the common subpartition comprises many more parts than any
partition associated with a simple binary tree, some different parts may have

30 the same score, making them “ex-aequo” with respect to their rank. To

enable reliable comparison of the ranks of parts, as every item of a part C of



15 shows the |owest dissimlarity rate wwth the other rankings is sel ected
by said processing neans as the nedian ranking, the dissimlarity rate

bei ng a cwopterdwaiiBepr esentative of the Vdriability of PamEP20806%56H t WO
ranki ngs. For exanple, the nedian ranking nmay be a ranking -<* such that nm
m nmel- mel 20 where: -< -< are the rankings, and (1,2) is the
dissimlarity rate between a pair of rankings. D fferent formulas
are known by a man skilled in the art for computing 25a dissimlarity rate
in function |n function of the ranks of the parts of the commonp

subpartition. hfoPO'é‘J@%RPpﬁ\ébp%fHBO@ Heset H?%éh‘?ré?”l?es%%réd*he rafie OSARA én
rank- order cor e} /,03211824PCT/ EP2011/ 065555 where: C,...CK
are the parts ‘?ﬁ&x%m%g él}/a)eﬁat?%ltlon and (? Cl) is the rank of the
part C, anong t e ot arts of the ¢ommon 53ub£art|t|on according to,the
ranki ng - <1. Ry g 3p |1 ﬁ@é’txrq'”é<zj+ (+#{C'eP*(x):Y(z,2)eCxC", Z-<Z/\Z-<Zj)

C'eP*(y)

5 where z'<z means that only the relation z'<z is verified (i.e. z and z’ have

different scores).

Because the different rankings come from different sets of samples,
in case of instability the rank of a given part of the common subpartition may
10  vary according to the ranking <_. These variations of ranks reveal the most
instable rankings. To the contrary, the ranking which should be selected is
called the medium ranking, i.e. the less instable ranking.
Advantageously, to this end a dissimilarity rate between each pair of
rankings is calculated by the processing means, and the ranking which
15 shows the lowest dissimilarity rate with the other rankings is selected by
said processing means as the median ranking, the dissimilarity rate being a
criterion representative of the variability of ranks between two rankings.
For example, the median ranking may be a ranking <* such that
N
25(<* )= m1n25(<
il R -

20  where:

=,..=<, are the rankings, and

0(=,,=,) is the dissimilarity rate between a pair of rankings.

Different formulas are known by a man skilled in the art for computing
25 a dissimilarity rate in function in function of the ranks of the parts of the

common subpartition. For example, one these three may be used:

- The Spearman rank-order correlation




where: 10C,.

.cK are the parts of the common subpartition, and (? Cl)

t he rank of the part C, anong the other parts of the common subpartiti
accor di ngwoaot¥s2rianki ng -<1. The Kendal® tau 2 ,2) PCIEPR)IIOGSS) -
)).(C)- R(C))< 0} 5 (-1 -=KK-1) i,j- where: C, ...cKare the parts
of the common subpartition, and (? Cl) is the rank of the part C, anong
the other parts of the common subpartition according to the ranking -<1.
When the nmediumranking is determi ned and stored in the nenory neans,
processi ng nmeans can finally select as the best scoring rule the scoring

rul e associated with the medig Ki h 0 11825PCT/ EP2011/ 065555
Rt CHES P N O v

Mul ti -val ues | abel

dyK met hod accordi ng

the invention is conpatible vvlth nul ti-class data i.e. can deal with
sanple itens wheozi ated 5with nulti-value |abel (Y E3). To this

a plurality ofCit)bpart 'tﬁe pa nklfnr%:]e RS obl ens i s ﬁdvant ageously sol ved.

10

15

20

L are

ommon subpartition, and

R, (C;) is the rank of the part C, among the other parts of the common

subpartition according to the ranking <.

- The Spearman footrule

K

1
5(ﬁ1:ﬁz) ==

=
where:

C,..C, are the parts of the common subpartition, and
R, (C;) is the rank of the part C, among the other parts of the common

subpartition according to the ranking <.

- The Kendall tau

5(21.%:)= > ifr. €)- R (©)) R (€~ R (C))<0)

li]

K(K )

SR, (€)= R, ()R (C)# R (C))

li]

K(K )

SR, (€)% R, (C).R(C)=R(C)))

li]

K(K )}
where:
C,..C, are the parts of the common subpartition, and

R, (C;) is the rank of the part C, among the other parts of the common

subpartition according to the ranking <.

When the medium ranking is determined and stored in the memory
means, the processing means can finally select as the best scoring rule the

scoring rule associated with the median ranking.

is
on
R (C

t he

to

end,



In a first enbodi nent, an oriented binary tree is fornmed and stored for
each of the E -1 possible pairs (1,2) of |abel values+l, the first 10

| abel valwe 2bevasgiiand t he second | abel va@lue being . ForCeszapliosssss the

| abel is a 3-value | abel (no/mybe/yes), a first bipartite problemis

sol ved by considering only the sanple itens |abeled with "no" (Y=1) or
"maybe" (Y=2), and a second bipartite problemis solved by considering only
the sanple itens | abeled with "maybe" (Y=2) or "yes" (Y=3). 15ln a
preferred errb% {lﬁ n oriented binary tree being fornmed and E(E -1)
stored for eatW/6varngs labRssible pairs (1,2) of |abel values so that 2 <the
first |abel val ue beingand the second | abel val ue being Here, with
respect to the previous exanple, a third bipartite problemis solved by
consi deri ng the saApla@réadyrexipéeledd thetrhethud acye0dingrto s Invamt vrR)s.

In both cases, the urality.of obtained tre s haye e It is
advant ageous §oaBRBE, IR a i RlastHAant € facSael MRl heP PR 2557 eiad on.
and nedi ansraWﬁhr]ﬁultﬂ\;aluéléUéIPPe pt efl?]t:hgg yRanki ng Forest can be used in
conbi nation with 25 nulti-class ranking: a'plurality of sets of sanple

itens is created byobelelistared, repllucatitngof angafroiteepehkisr) ppbbsampl i 1t ens
and for each pair of | abel values a tree is created. In other words, as

many trees as2fu@NAgRBESY §PIVEEt s are created for each pair of Iabel _val ue.

WO 2012/ 03211826P d
the sane tine, bu%a%ﬁﬁ%@%daa%ﬁt ﬁganrlé?ﬁr?gs Fe;%slg?(lgm?%d 8@? orrre r(etrfaltes

are conbi ned peachpditie ¢f -l ahsdsitialpains @zndg M‘cﬁrlalaglgraigesegg 4 § eeB, thedirst
conbi ned. 5 Exanple To illustrate the efficiency o t he met hod

accor di ngl® o tabel ivaluenbeiog, £t Aed dn¢ iseconallalglt\ealgebeafy §anpbeekampte, if

repr esented in Fi %ure 6a has been gener ated as follows: 10The unit square X

= [0, 112 has Bwelgbepisia 3ivalue febet (Mpimeyeeyes)  first bipartitp prodlem 'PlS’OiV
[0,1/2], x31 gl [ ti0g
uni form di strb uctjc{n%}l Oﬁn@ﬂﬂéf‘t &r%%rﬁgljdsé %8 lébgre@]\’vltgﬁggskgl jsf%‘f bu?}/ons are
given by H (dkY=2), @n2lH secOndl.bipXZite @roBldd is s@lvHdXBy considering only the
sample items labeled with “maybe” (Y=2) or “yes” (Y=3).
15 In a preferred embodiment, an oriented binary tree being formed and

stored for each of the EE-D possible pairs (£,,£,) of label values so that

& <&,, the first label value being &, and the second label value being &, .

Here, with respect to the previous example, a third bipartite problem is
solved by considering the sample items labeled with “no” (Y=0) or “yes”
20 (Y=2).

In both cases, the plurality of obtained trees have to be combined. It
is advantageously done by the same mechanism as Ranking Forest:
aggregation, and median ranking.

It is to be noted that Ranking Forest can be used in combination with

25 multi-class ranking: a plurality of sets of sample items is created by
bootstrap replicating, and for each set of sample items and for each pair of
label values a tree is created. In other words, as many trees as the number

of sets are created for each pair of label value.



15¢(dx) = 0.4Uxi + 0.3UX2 + 0.2UX3 + 0.1. UX4 wherein H (dx) and ((dx)are
respectlvely the conditional distributions X given Y = +1 and X given Y =

- 1. wowelzdseusand sanpl es itenms has 29een used in tRCI/EPREMOISSS i n t he
figure 6a, a "+" represents an itemsatisfying the given property ( Y = +1)
and 20 a "o0" represents an itemnot satisfying the given property ( Y =-1
). In this setup, optimal scoring functions are piecew se constant, |ike
the regression function n(x)= 2 /3 . 1{x e x1}+ 0.75 1{x e x2}+ 0.4 .11x e
x31+ 0.2 .11x e x41 The regression fupnction is the function
provi ding a given yh\ﬁst%tf?nﬁsz%%%%ﬁbg?l?‘?/mt jgedrat e gape Hme=t17 =

F1=4). The bgdyéﬂt%beéﬁélz R%nk F&SSERSAiNp éHBﬁﬁieél”@tréé§ r@%ﬁ%‘?rﬁ'écﬁﬁerby the

figure 6b. Th our “area square are clearly VISI e. The results of
a net hod accopdirof labe! vakie) amdnhermaggre@atMtreeepr@semlbmboby the figure 6c,
representing the scoring function learnt from30 the set of sanple itens of
figure 6a. The master ranking tree is grown WO

2012/ 03211827 A 2011/ 065555 according to the described nethod, next
pruned via the N-fold cross-validation procedure described previously with
ten bootstrap replicate. It can be observed that four |evels of score

S gurt od i s o or S riErbERRRTRAEP oL the PR refbEflie B uMVARNBAS, roc

curve of the geoBrtifitidligaesien oifsdnglarieerhs reffeseaie @as Figurehtd hbbedem

curves can hardly be distinguished. Applications 10 As al r eady

expl ai ned, th@eRBIEARAARELEME Nng to the invention allows nunerous industrial
econo applications. Credit sco g, nedj cal gnhosi s _and data m ni ng

accur acynl@orl ng hib@ %’%‘ér?q%ﬁq oﬁeﬁm esh%sbe‘?rﬁes HQ 38 ord#HF ™o t he

'nvention is Tor @XaPl e _[/aixo/2], 1, =21 and z, = [01/2]x /2],

Denoting by U, the uniform distribution on a measurable set C c yx ,
the class distributions are given by
H(dx)=02-Uy, +0.1-Uy, +03-Uy, +0.4-Uy,,
15 G(dx)=0.4-Uy, +0.3-Uy, +0.2-Uy, +0.1-Uy, ,
wherein  H(dx) and G(dx)are respectively the conditional

distributions X given ¥ =+1 and X given ¥ =—1.

Two thousand samples items has been used in this example: in the
figure 6a, a “+” represents an item satisfying the given property (¥ = +1) and

20 a “o” represents an item not satisfying the given property (¥ =-1). In this

setup, optimal scoring functions are piecewise constant, like the regression
function

n(x)=2/3-1fce x,}+075-1{xec x,}+04-1{x e y,}+02-1fx e x,}

The regression function is the function providing a given X with the

25  probability that ¥ =+1 (i.e. n(x)=P{Y =+1|X = x}). The bi-level sets of the

regression function are represented by the figure 6b. The four areas of the
square are clearly visible.

The results of a method according to the invention are then
represented by the figure 6c¢, representing the scoring function learnt from

30 the set of sample items of figure 6a. The master ranking tree is grown



15 effective for quality control and/or failure detection. |Indeed, on a
factory production line, the quality of a productlon has to be assessed on
t he basi swonom/@eumscriteria. In this casé’ the given bi RETEPRIIOPEIEY i S
"standard (or nonstandard) product”. A set of sanple itens can be easily
set up by picking random products on the production |line, and manual |y
checking them A 20 failure can for exanple be detected if the rate of
non- st andard products exceeds a threshol d. In addition, the nethod

according to the invention nmay a o0 hiolo y and chem str es ecially
for ol ecul es@CHPEIBIAS heaﬁ%%/%tfegd th‘éh@@ r@ Pruped; vg. th ’%{8} aBFfe to
predi ct whet h@éhcﬁatf&%‘&BHé&ur%O&es%ruBéatp?%\HOﬂéy%ﬁfFﬁﬂeﬁ'bb%tts ][a;)r Ea WiEcgh 91 ven
effect, by conparing 1ts structure e structure o nown

mol ecul es. Vahe abtsbereobtht fcwtlemis of acarerappesirfaleioss pan'fectbomreespmidmg

Deci si on- Supp rgpgsfﬁste ¢ ¥ WO 2012/ 03211828PCT/ EP2011/ 065555 nenory neans.
The processi n§3 ’s'rafeassa?c} gearei%n- support systemare configured to

i mpl enent @ met hodpgj uré@y.lsrw?aépméeapr@éehmgeﬁérdpb.ﬁsﬂm ROC curvBRiHd fRANS
allows to input data represen the target item and the set of sanple

items. They ctastiR®e qlmve @&ﬁ\@pﬂs@r@gkfagnbm af figyretGee Ve eenmsguBIscibat the
manual |y i npu with any conputer, for exanple
containing a h%égﬁﬁlgg%%ﬁﬂgae{%l @@dfs@hﬁw&ﬁgﬁeans are for exarrpl e a display

screen. A man skilled in the art would know how to adapt the
invention to any known type of conputer |anguage, any type of processor. 10
WO 2012/ 032118P0Beat/ans2011/ 065555 CLAIMS 1. A nethod for providing with a
score an pbj ect

As already explained, the method according to the invention allows
numerous industrial or economic applications. Credit scoring, medical
diagnosis and data mining accuracy scoring have been mentioned.

Besides, the method according to the invention is for example

15 effective for quality control and/or failure detection. Indeed, on a factory
production line, the quality of a production has to be assessed on the basis
on a few criteria. In this case, the given binary property is “standard (or non-
standard) product”. A set of sample items can be easily set up by picking
random products on the production line, and manually checking them. A

20 failure can for example be detected if the rate of non-standard products
exceeds a threshold.

In addition, the method according to the invention may apply to
biology and chemistry, especially for molecules, proteins, catalysts, genes,
etc. testing. It may enable to predict whether a molecule (or a protein, a

25 catalyst...) can have a given effect, by comparing its structure with the
structure of other known molecules.

Many other applications in various fields are conceivable.

Decision-Support System
30
According to a second aspect, the invention concerns a decision-

support system, comprising processing means, input means, output means,



represented by a target itemfroma nultidinensional space, said score 5
being representative of the probability that the object satisfies a given
bi nary prwpenty32sai d met hod bei ng perfordfed in a conpuPEr/EPaMilOGFEENt
conpri sing processing nmeans connected to nenory neans, conprising the
foll om ng steps: (a) providing and storing in the nmenory
neans data 10 representative of a set of sanple itens fromsaid

mul ti di nensi onal space, each sanple item being associated with a

mul ti-value | abel representative of the prob bhlkg%_that an obj ect
represent ed b{'¥BPTY r88ARE <! 18 RIACEEINGIMEINS ALSYH 'Stbq’rﬂfﬁPQp?ﬁtéiﬂ%tPW?re

(b) storing 1 Bohfifr8B 1B iHpRRRNR LHAbhdH oAb A revBUshWestibaaget 1 tem
(c) with said processing ans, generating and storing rn sald nenory neans
data represent ati vipolt neeansrallentseld ibputadatatrepresantihg theytarget iten génd treai d

bi nary tree bei defined b | ural i f nodes having index yval ues in
Celat] on wi t hoehel Fameds diegie | HTRnEOuiche Jor PEEME Ak atea i 478y 20 a
root node, 5i n{ygsHERMoAhBNDaNE hpwh thé & Bht2abr BRdREfRBYBRERAY RRARIET Aer
associated with a subspace of the nultidi mensi onal space according to the
fol | owi ng rul @ample containing aj datahase efisamples. puhoeanstaie fasexanateed
subspace i s the, I | tidi mensional subspace; 25- if the node is a

non-t erm nal %éﬁ%@gYsg&%QSOCiated subspace is split into two disjoint
subspaces E and E pasgeckilealiy tits anci@ile knoivt ova td boiapt ki ihdertiagtetoadnsy a
second child node of said non-term nal node, said splitting being perforned
by the proces&NAWNiyRe OhedBPHichipndsIagec RRY &9 erPrREA$SATzi ng t he nunber of
sanpl e itEgB 30associated with a first given | abel value to belong to the
subspace E, and/or the nunber of sanple itens associated with a second
given WO 2012/ 03211830PCT/ EP2011/ 065555 | abel value to belong to the
subspace s, said second | abel value being representative of a higher
probability that an object represented by said sanple itemsatisfies the

gi ven binary property than said first given | abel value ;



5(d) with said processing neans, associating with at | east each term nal
node of the binary tree a score dependin%wgn its index value in the binary
tree, andwetoryosgiishe score value in the4enory nmeans; PCT/EP2011/065555 (e)

Wi th said processing nmeans, identifying a target node, the target node
being a term nal node whose associ ated subspace conprises 10t he target

item and (f) outputting the score value associated with said
target node. 2. A nethod according to claim1l1, wherein the

i ndex val ue of each node conprises a pgir @f val ues, the first index val ue
representing 15the depth of the node i inary tree, and the second

i ndex val ue representing the position of the node at a given | evel of depth
in the tree. 3. A nethod according to claim2, wherein the
index of the root nodelis (0AO)metand tfhle proveskiag  efitht hee Bcorst amdolpjieet
second child nodes of 20a n

respectivel y [PT€IeHRf Bh A %ggﬁrﬁrﬁpﬂ?‘n N m&meﬁsr}oﬁéhépsgéega%%acore

according §0 gk ig%%reé@f*@étﬂ)erbftthé p?@@étﬁll sRacCthat e dafisBed M eMSiBan Ndex
is (d,k) is 2D ( , D being the 5he|8ht of the binary tree.

5. A nmethod aptapeadiyngseaid m@tmcbb@in@mrf@rme on4a oftiepeter @.avmogmemitu ng

combinat1 on oPSTRESmeRSsth i sHREEE I AeRFR tufanls é@*@%ﬁn@r B gi ven

| abel val ue t fpllo@litgetepe: t he subspace E, and the nunmber of
2012/ 03211831PCT/ EP2011/ 065555 sanple itens associated with the second
gi ven | abel value to b@ oy a\ddimg aNBSIQENG.in the memory means data

10  representative of a set of sample items from said multidimensional space,
each sample item being associated with a multi-value label representative of
the probability that an object represented by said sample item satisfies the
given binary property;

(b) storing in the memory means data representative of the

15 target item;

(c) with said processing means, generating and storing in said
memory means data representative of an oriented binary tree with a given
height, said binary tree being defined by a plurality of nodes having index
values in relation with their position in the binary tree, said nodes comprising

20 aroot node, intermediate nodes and terminal nodes, and each node being
associated with a subspace of the multidimensional space according to the
following rules:

- if the node is a root node, the associated subspace is
the whole multidimensional subspace;

25 - if the node is a non-terminal node, its associated

subspace is split into two disjoint subspaces ¢, and g respectively

associated with a first child node and a second child node of said
non-terminal node, said splitting being performed by the processing
unit according to a classifier minimizing the number of sample items

30 associated with a first given label value to belong to the subspace ¢ _,

and/or the number of sample items associated with a second given



6. A nethod according to claim5, wherein the weights in 5said weighted
conbi nation are respectively the rate of sanple itens associated with the
second giwernoi2aielisval ue in the subspace3eing split i nPOTHPS)IGI0HISSS
subspaces E and s, and the rate of sanple itens associated with the first
gi ven | abel value in the subspace being split into disjoint subspaces E and
s. 10 7. A nmethod according to claim®6, wherein said splitting
is perforned by m nim zing by processing neans the value of (E )- 0)10

E, Yi 2}-KkO, : E1{2Vi EE, Yi i=1ni=1 where: 15Yi )...(Xn,Yn) is the set of

sanpl e itens assoclaRebyalia o PRING 16 thersubsRROe candald $e¢ang lbel yelisot

sarmle 11T, 2550ckg 8ot g SS°SR B e REh B D heRtPace

is the second | abepy\saldi€ample item satisfiSs tHe GRERMINAGGHOBEAY théh 88l fse of
claims 1 to 7, wherein the nunber of sanple itens and/or the nunber of

di mensi ons of assog@ivehdabeluedigace to take into account during said

splitting is reduced. - - § d i ng..tQ o) ai s
Plo 8 arbrel n sard neyll e PeseRsiohRENE " fRER MG b G e e
space, said spririhalmbdzodiihiesdingryaréd arworaraicpendivl et irgidxt e imtre
finite-di mensional itens. _ _

binary tree, and storing the score value in the memory means;

(e) with said processing means, identifying a target node, the
target node being a terminal node whose associated subspace comprises
10  the target item; and

(f) outputting the score value associated with said target node.

2. A method according to claim 1, wherein the index value
of each node comprises a pair of values, the first index value representing
15 the depth of the node in the binary tree, and the second index value

representing the position of the node at a given level of depth in the tree.

3. A method according to claim 2, wherein the index of the

root node is (0,0), and the indexes of the first and the second child nodes of
20 a non-terminal node whose index is (d.k) are respectively (d+12k) and

(d +12k+1).

4. A method according to claim 3, wherein the score
associated with a node whose index is (d,k) is 2°(1-k/2¢), D being the

25  height of the binary tree.

5. A method according to any one of claims 1 to 4, wherein
said splitting is performed by minimizing with said processing means a
weighted combination of the number of sample items associated with the

30 first given label value to belong to the subspace ¢, , and the number of

+1



WO 2012/ 03211832PCT/ EP2011/ 065555 10. A method according to any
one of clains 1 to 9, conprising a step %cl) of selecting by said

processi ryoreEvS2H8subt ree of the formed3Binary tree an@CrapR@cionsfss he
binary tree by said subtree, wherein said step (cl) follows step (c). 5

11. A method according to claim 10, wherein a Receiver Operating
Characteristic curve is built by the processing neans at step (cl) for each
possi bl e subtree, and stored is the nenory neans, the sel ected subtree
bei ng the subtree determ ned by th rocessi.ng neans as having 10th

hi ghest Area BRAU®IC I@@%%?SEI%%@W”E&B@%?&P” Yeit [akg! %‘HP&@t@?‘P%@ ifbﬁ?ﬂ:r ve.
12. A nmethod gagggyslichg to claim 10, wherein a Receiver Operating
Characteristic curve 1Is built by the processing nmeans at step (cl) for each
possi bl e subtree, and stored is the nenory neans, the selected 15 subtree
bei ng the subtree determ ned by the processing neans as havi ng the hi ghest
Conpl exi ty-Penal i zed APea Undienethos agesseingt tedcl@st & waereseingtwaights in

Characterigti ur N - ordi ng.t '

wher i n st p £aD Weiousd, empination, St (ePRRIR FECIRDE T Sl Bbis.e
processi ng neassociatedheitls e sdcopaisgivéh Rabslibalueds the subspace beidd spht ingt hod
according to any one of claiml1 to 13, wherein the nmulti-value |abel is a

bi nary | abel PisiRidbEURFPaCES #n FM ect ans the e aanrle ignsassadiifp Vet t em
tisfi t _the. qgi bi ty, the first | I . val bei th
Tabel val ue alouishoanEDe a1ae Yl Sithshee it Seiiaty g mubgeaces ©

binary property,gfpd the second | abel value being the |abel value

associated with the sanple itenms satisfying the given binary property. 30
WD 2012/ 03211833PCT/ EP2011/ 065555

7. A method according to claim 6, wherein said splitting is
performed by minimizing by processing means the value of
is,w(8+) :g(l_a))zl{/\/z $8+7Yi 252}4_%0‘)21{/\/1' 68+7Yi :él}
n i=1 no g
where:

15 (x,.Y,).(x,,r,) is the set of sample items associated with their binary label,

and
o is the rate of sample items associated with the second given label value

in the subspace being split into disjoint subspaces ¢, and ¢

2

&, is the first label value,

20 &, is the second label value.

8. A method according to any one of claims 1 to 7, wherein
the number of sample items and/or the number of dimensions of associated
subspace to take into account during said splitting is reduced.

25

9. A method according to one of claims 1 to 8, wherein

said multidimensional space is an infinite-dimensional space, said splitting

comprising a approximation of sample items into finite-dimensional items.



| abel val ue being ascending with the probability of satisfying the given
bi nary property, an oriented binary tree being formed and stored for each
of E(E - WO 2nte03218ssi bl e pairs (1,2) of 3Pabel val ues s®CTIERRedtI06sss rst 2

| abel val ue bei ngand the second | abel val ue being 5 16. A net hod
according to any one of claim1l to 13, wherein the multi-val ue | abel
conprises at |east three values (1E), the | abel val ue bei ng ascendi ng

with the probability of satisfying the given binary property, an oriented
binary tree being for and, stored for each of 10the E -1 possibple pairs
(15 of T aber val ues—T01- tANEITEH  F6aSERNGal Qi@ HePRGaRE CHHGT Sk bnaD: abel

val ue being com.prlsmo%a;sg?%f%ﬁ;%g?ztﬁfq%ﬁbﬁﬂj [5r%c@§¥|n§rfﬁ88if1%§ Qdtkeelof ©

wherein a plurality ens are generated and stored at
step 15(a), atherfoeneddibatyatrget pad tagilagng cheeeinany tstebgdsdidrswdcde set  of
sanpl e itens. met hod@ccordi ng to claim17, wherein each

. . 18,
set of sanpl eWthé‘ﬂE %aéd ﬁteBch?)sftolﬁa Srsé?ﬁ’ ate generated by said processing

means 20bysresanpling a main set of sanple itens. 19. A net hod
according to any one of clains 15 to 18, further _comc))ri sing a step (d1) of
aggregating the pluralily of Afaeired Braaiding teeRiandOdwheraima Meceiverst

scoring rule, Osp%iréjtir% %Pmaﬁéjc%ri;t% (j:lﬂ‘% ¢ baﬁte&/ {h%) pro%gssing means at step (c1)

for each possible subtree, and stored is the memory means, the selected

subtree being the subtree determined by the processing means as having

10 the highest Area Under its associated Receiver Operating Characteristic
curve.

12. A method according to claim 10, wherein a Receiver

Operating Characteristic curve is built by the processing means at step (c1)

for each possible subtree, and stored is the memory means, the selected

15 subtree being the subtree determined by the processing means as having

the highest Complexity-Penalized Area Under its associated Receiver

Operating Characteristic curve.

13. A method according to claim 12, wherein step (c1)
20 comprises a cross-validation test performed by the processing means on

the set of possible subtrees.

14. A method according to any one of claim 1 to 13,
wherein the multi-value label is a binary label indicating if an object
25  represented by said example item satisfies or not the given binary property,
the first label value being the label value associated with the sample items
not satisfying the given binary property, and the second label value being
the label value associated with the sample items satisfying the given binary
property.
30
15. A method according to any one of claim 1 to 13,

wherein the multi-value label comprises at least three values (1<¢ <X), the



20. A nmethod according to claim19, wherein step (dl) conprises the
fol |l ow ng sub-steps: - for each forned binary tree, provide
and st or evorrornserg nmeans the partition of the nul tidi mPoSiEFREl/06355E e
formed by the subspaces 30associated with the term nal nodes; WO

2012/ 03211834PCT/ EP2011/ 065555 aggregating by said processi ng neans these
partitions to forma comon subpartition; for each forned binary tree,
provi ding and storing a scoring rule by scoring each part of the common
subpartition; 5- for each scoring rul e rovi di ng.and_storing a ranpking of

the parts sco@?ﬁ'é’@&‘é‘?_ W9 A7e S 819 W(j]fhl’ eePrObab'”t_y of Sat(h“é‘b’mﬁhﬁ Ay sai d
processing mﬁﬁérﬁp%ﬁﬁ n28He i BRI tideSodih ?&tﬁné(?/?rgcﬁl sfsch!ﬁ'fBrgea&BQf

storing the nedia I'ng in said nendry neans; ecting by said

processi ng meagns H&the best, scari |l e, the, scpring rule assocjiated wth

the median r aﬁ'ﬁ ng. 5 pd&Shie P34S ?%%r;t %[ﬁ’bﬂ:é@ﬁﬁsn%) ltr&?tc‘ilafgﬁ’ztb,e WREr ei n

the sub-step of determ ning a nedi an ranking conprises calculating by said

processi ng 15labmtsalsiedbaing$| enbdhe sgcorad Ebstvalkeerbedaglf, pai r of ranki ngs,

and sel ecting by said processing nmeans as the nedi an ranki ng the ranking

whi ch shows the lowest dissinmlarity rate with the other rankings.

22. A nmethod accordingqto clai i:n.the di r i .S

ranki ng -<* such that ?rén mzl'ii‘l rﬂ%}ﬁ%\&%o?&ﬂg {b JFE/ ofe %P &thnp to>18
wherein the multi-value label comprises at least three values (1<¢ <X), the

label value being ascending with the probability of satisfying the given
binary property, an oriented binary tree being formed and stored for each of

10 the E-1 possible pairs (£,,&,) of label values &, =&, +1, the first label

value being &, and the second label value being &, .

17. A method according to any one of claims 1 to 16,
wherein a plurality of sets of sample items are generated and stored at step
15 (a), an oriented binary tree being formed and stored for each set of sample

items.

18. A method according to claim 17, wherein each set of
sample items is a bootstrap replicate generated by said processing means

20 by resampling a main set of sample items.

19. A method according to any one of claims 15 to 18,
further comprising a step (d1) of aggregating the plurality of formed binary
trees and determining a best scoring rule, said step (d1) following step (c).

25

20. A method according to claim 19, wherein step (d1)
comprises the following sub-steps:

- for each formed binary tree, provide and store in memory
means the partition of the multidimensional space formed by the subspaces

30 associated with the terminal nodes;



-< -< are the rankings, and (1,2) is the dissimlarity rate between a pair
of rankings. 25 23. A nmethod according to claim 22, wherein the
di ssi ni | awvpry1veeasi s defined as (-1,= 724G ) -R (O)) 2 PCTiERRO18/065590

2012/ 03211835PCT/ EP2011/ 065555 C,...CK are the parts of the conmon
subpartition, and (? Cl) is the rank of the part C, anong the other parts
of the comon subpartition according to the ranking -<1. 524. A net hod
according to claim?22, wherein the dissimlarity rate is defined as where:

C,...CK are the parts of the comon subpartition, and 10R (? Cl) is the
rank of the part C arrbﬁ%grteﬁ’@t'ﬁgP&rs%ciPFgceéﬁ'ﬂgHBeéﬁﬁﬁQﬁ?%B%ﬁH%%fc??ﬁ:‘rﬁm

according to b%rﬁrﬁahisﬁgpéﬁ&ion%- A nethod according to claim22, wherein
t he ’
- for each formed binary tree, providing and storing a scoring

rule by scoring each part of the common subpartition;
5 - for each scoring rule, providing and storing a ranking of the
parts scored according the scoring rule;

- determining by said processing means a median ranking
among the plurality of ranking, and storing the median ranking in said
memory means; and

10 - selecting by said processing means as the best scoring rule

the scoring rule associated with the median ranking.

21. A method according to claim 20, wherein the sub-step

of determining a median ranking comprises calculating by said processing

15 means a dissimilarity rate between each pair of rankings, and selecting by
said processing means as the median ranking the ranking which shows the

lowest dissimilarity rate with the other rankings.

22. A method according to claim 21, wherein the median
20 ranking is a ranking <* such that

N N
> 6(=*,<,)=min Y §(%,<,,)
m=1 =

- m=1
where:

=,..=<, are the rankings, and
0(=,,=,) is the dissimilarity rate between a pair of rankings.

25
23. A method according to claim 22, wherein the

dissimilarity rate is defined as

6@1,52):%%(&1 ()~ R (C)f

where:



dissimlarity rate is defined as 2 1 = K(K{(1?1 (G )(C))*(1? (G)-(Ci]
1 2-2 -1)- where: c¢,...cK are the parts of the common subpartition, and
(? cl) iswohelymaksof the part ¢, anong tRe ot her part s PO/RPhE 106FFEHN
subpartition according to the ranking -<1. 26. A deci sion-support system
conpri sing processing nmeans, input neans, output nmeans, nenory neans, the
processi ng nmeans being configured to inplenment a nethod according to any
one of clains 1 to 25.

C,..C, are the parts of the common subpartition, and

R, (C;) is the rank of the part C, among the other parts of the common

subpartition according to the ranking <.

5 24, A method according to clam 22, wherein the

dissimilarity rate is defined as

K

5% =Y

i=1

le (Cz ) - Rjz (Cz)

where:

C,..C, are the parts of the common subpartition, and

10 R, (C)) is the rank of the part C, among the other parts of the common

subpartition according to the ranking <.

25. A method according to clam 22, wherein the

dissimilarity rate is defined as

2
K(K —1)

S ifr, ©)- &, (€)) (R, (€)-R (C€))<0}

iy

SR, (€)= R, (C).R(C)# R, )}

izj

SR, (C)# R, (C)R(C) =R, )}

izj

5(ﬁ1>ﬁz) =
1
K(K - 1)

1
K(K - 1)

15 +

J’_

where:

C,..C, are the parts of the common subpartition, and

R, (C;) is the rank of the part C, among the other parts of the common

subpartition according to the ranking <.
20
26. A decision-support system, comprising processing
means, input means, output means, memory means, the processing means
being configured to implement a method according to any one of claims 1 to
25.
25



