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Abstract not contribute at all to the overall ordering. It would also

be useful to know which subset of attributes would be suf-
Many real world problems deal with ordering objects in- ficient to determine the overall ordering. The dependency
stead of classifying objects, although majority of reshanc information of attributes may also be valuable.
machine learning and data mining has been focused on the |n this paper, we study the problem of data analysis
latter. For modeling ordering problems, we generalize the with ordered information in general, and mining order-
notion of information tables to ordered information tables ing rules in particular, based on our earlier results on this
by adding order relations on attribute values. The problem topic [12, 14, 15]. The problem of mining ordering rules
of mining ordering rules is formulated as finding associa- can be described as follows. There is a set of objects de-
tion between orderings of attribute values and the overall scribed by a set of attributes. There is an ordering on values
ordering of objects. An ordering rules may state that “ifthe of each attribute, and there is also an overall ordering of ob
value of an object: on an attributea is ordered ahead of  jects. The overall ordering may be given by experts or ob-
the value of another objegton the same attribute, then  tained from other information, either dependent or indepen
is ordered ahead of”. For mining ordering rules, we first  dent of the orderings of objects according to their attebut
transform an ordered information table into a binary infor-  values. We are interested in mining the association between
mation, and then apply any standard machine learning and the overall ordering and the individual orderings inducgd b
data mining algorithms. As an illustration, we analyze in different attributes. More specifically, we want to derive o
detail Maclean’s universities ranking for the year 2000. dering rules exemplified by the statement that “if the value
of an objectr on an attribute: is ordered ahead of the value
of another object on the same attribute, thenis ordered
1 Introduction ahead of)".
The notion of ordered information tables is introduced as
In real world situations, we may be faced with many a generalization of information tables. As a starting point
problems that are not simply classification [1, 7]. One such we focus on the dependency of attributes. The notions of
type of problems is the ordering of objects. Two familiar reducts and core, which have been studied extensively in
examples are the ranking of universities and the ranking ofthe literature of rough sets [6], are derivable from the de-
consumer products produced by different manufacturers. Inpendency of attributes and play an important role in mining
both examples, we have a set of attributes that are used t@rdering rules. In mining ordering rules, we first transform
describe the objects under consideration. Consider the exan ordered information table into a binary information, and
ample of ranking consumer products. Attributes may be then apply any standard machine learning and data mining
the price, warranty, and other information. The values of algorithms.
a particular attribute, say the price, naturally induce en o Ordered information tables are related to ordinal infor-
dering of objects. The overall ranking of products may be mation systems proposed and studied by Iwinski [4]. Order-
produced by their market shares of different manufacturers ings induced by attribute values in information tables were
The orderings of objects by attribute values may not neces-also considered by Greco, Matarazzo and Slowinski [2, 3].
sarily be the same as the overall ordering of objects. In thisThey addressed the problem of finding ordering rules by
setting, a number of important issues arise. It would be in- approximating preference relations through dominance re-
teresting to know which attributes play more importantsole lations. They also discussed approach of transforming an
in determining the overall ordering, and which attributes d ordered information table into a binary table and mining the



corresponding binary table. However, they suggested that An important implication of a weak order is that the fol-
the method is not very suitable in some situations for deci- lowing relation,

sion making. Instead, they proposed a method based on the
approximation of a preference relation by dominance rela- ()
tions, in which certain parameters must be determined byis an equivalence relation. For two elements; if- y we
experiments. Although their method may be more general,say.: andy are indiscernible by-. The equivalence relation

it does not provide a pure qualitative framework, which may ~ induces a partitiori//~ on U, and an order relatiop*
be important for the analysis of ordered information tables on {7/~ can be defined by:

Furthermore, one may gain more insights by studying a less
general model.

T~y = (=(z = y),~(y » z)),

[z] =7 Y]~ = 2 -y,

(2)

where[z].. is the equivalence class containingMoreover,
~*is alinear order. Any two distinct equivalence classes of
U/~ can be compared. It is therefore possible to arrange
In many information processing systems, objects are typ-the objects into levels, with each level consisting of indis

ically represented by their values on afinite set of attebut  cernible elements defined by. For aweak ordef(z > )
Such information may be conveniently described in a tabu- can be written ag = z orz < y, which meansg > z or

lar form [6]. The rows of the table correspond to obje(;ts of y ~ 2. For any two elements andy, we have eithe - y
the universe, the columns correspond to a set of attributesor y =~ 2, but not both.

and each cell gives the value of an object with respect to an
attribute.

2 Ordered Information Tables

Definition 3 An ordered information table is a pair:
Definition 1 An information table is a quadruple: OIT = (IT,{>4| a € At}),
IT = (U At {V, | a € At}, {1, | a € At}),

where

wherelT is a standard information table and,, is a weak
order onV,.

An ordering of values of a particular attributenaturally
induces an ordering of objects, namely, o € U:

U is a finite nonempty set of objects,
At is a finite nonempty set of attributes,

V., is a nonempty set of values for a € At, T =ay Y = La(z) =4 La(y),

3)

where-(,, denotes an order relation éninduced by the
For simplicity, we have considered only information ta- attributea. An objectz is ranked ahead of another object
bles characterized by a finite set of objects and a finite set ofy if and only if the value ofr on the attribute: is ranked
attributes. Each information functiai is a total function ~ ahead of the value af ona. The relation-,; has exactly
that maps an object d to exactly one value iV,. An the same properties as thatsef. For a subset of attributes
information table represents all available informatiomlan A C At, we define:
knowledge about the objects under consideration. Objects
are only perceived, observed, or measured by using a finite

1, : U — V, is aninformation function.

T-aYy < Vac A[Ia(m) ~a Ll(y)]

number of properties.

An information table does not consider any semantic re-
lationships between distinct values of a particular atiteb
By incorporating semantics information, we may obtain dif-
ferent generalizations of information tables [12]. Gehera
ized information tables may be viewed as information tables
with added semantics. In this paper, we introduce order re-
lations on attribute values.

Definition 2 Let U be a nonempty set and be a binary
relation onU. The relation>- is a weak order if it satisfies
the two properties:
Asymmetry :
x>y = -(y = z),
Negative transitivity :

(2@ =), =y > 2)) = ~(z > 2).

= N\ L) -a L@y
acA

< ﬂ >'{a} .
a€A

(4)

That is, « is ranked ahead qof if and only if = is ranked
ahead ofy according to all attributes id. The above defini-
tion is a straightforward generalization of the standarfd de
inition of equivalence relations in rough set theory, where
the equality relatior= is used [6]. Mining ordering rules
based on order relations is a concrete example of applica-
tions of our earlier studies on generalizations of rough set
model with non-equivalence relations [11, 13].

For simplicity, we also assume that there is a special at-
tribute, called the decision attribute. The ordering obats
by the decision attribute is denoted by, and is called the
overall ordering of objects.



a b c d 0
p1 || middle 3years $200 heavy | 1
D2 large 3years $300 veryheayy3
p3 || small  3years $300 light | 3
py || small  3years $250 verylight 2
ps || small  2years $200 verylight 3

—at small >, middle >, large,

b 3 years > 2 years,

et $200 >. $250 . $300,

=d: very light >4 light >4 heavy >4 very heavy,
o 1>,2%,3.

Table 1. An ordered information table

Example 1 Suppose we have an ordered information table

logic connectives such as andVv. For simplicity, we re-
strict our discussion to onlx.

In an ordered information table, we deals with pairs of
objects. We will not consider the object paits, z). The
universal setis thus given Q¥ x U)* = U x U — {(z, z) |
xe U} ={(x,y) | z,y € U,z # y}. The meanings of the
expressions are given as follows:

m(a,=) = {(z,y) € (UxU)" | La(z) =a La(y)},

m(a, %) = {(z,y) € (UxU)" | L(z) Za L(y)},
m(\ e(@) = [ mle(a))

acA acA

An object pair (z,y) satisfies an expressiogp, written
(x,y) E ¢, if the order as specified by the expressidbn
is (x,y). The setm(¢) consists of all object pairs that sat-
isfy the expressed.

For the set of expressiors(A), the family {m(¢) #

of a group of products produced by five manufacturers asf | ¢ € E(A)} forms a partition of U x U)™, denoted by

shown in Table 1. In this table, b, ¢, d, ando stand for
size, warranty, price, weight, and overall ordering on a set

of products, respectively. Based on orderings of attribute

values, we obtain the following orderings of products:

~Ta} [p3,pa, 5] =Tay [P1] =14y [P2],

vy [p1, P2, 3, pal =Tpy [ps],

e} [p1, 5] = Tey [Pa] =7y [P2,p3],

=) (P4, 5] =14y [Ps] =Tay [P1] ~Tay [P2],
~To} [p1] =10y [Pa] =10y [P25p3,D5)-

For subsetga, b} and{c, d}, we have:

0,

P1 7 {c,d} P2, P4 7 {c,d} P2,
D5 ={c,d} P2, P4 > {c,d} P3,
D5 = {c,d} P3-

> {a,b}
> {c,d}

By combining attributea andb, all objects are put into the
same class. Itis interesting to note thaj,. 4, is nota weak

P(A). Each object pair satisfies one and only one expres-
sion fromE(A).

Definition 4 An attribute setB depends on another at-
tribute setA, or A determinesB, written A — B, if and
only if P(A) is a finer partition of P(B), namely, for each
equivalence clas( € P(A), there exist an equivalence
classY € P(B) suchthatX C Y.

SupposeB depends onA. For any expressiow €
E(A), if an object pai(z,y) € (U x U)™" satisfiesp, i.e.,
(z,y) E ¢, then there exists a corresponding expression
1 € E(B), such that(x,y) = 1. The ordering of objects
by A determines the ordering of objects By

Definition 5 Two attribute setsA, B C At are equivalent
if and only if P(A) = P(B).

Two sets of attributed and B are equivalent, if and only
if A depends orB and B depends oM. The ordering of
objects byA determines the ordering of objects By and
vice versa. Regarding the ordering of objectand B con-

order. That is, the intersection of two weak orders may not t&in exactly the same information.

produce a weak order. This suggests that rules using simpIeD

conditionA . 4 1o (%) = Ia(y) might not be very useful.

3 Analyzing Ordered Information Tables

In an ordered information tabl@ /7", an atomic expres-
sion over a single attribute is defined as eithefa, >-) or
(a,=). For a set of attributed C At¢, an expression ovet
in OIT is defined byA .. 4 e(a), wheree(a) is an atomic
expression oveti. The set of all expressions ovdrin an
ordered information tabl®IT is denoted by='(A). In gen-

efinition 6 An attributea € A is dispensable i if and
only if Aand A — {a} are equivalent; otherwise is indis-
pensable inA.

Definition 7 An attribute setd is an independent set if and
only if everya € A is indispensable; otherwisd is a de-
pendent set.

Each attribute in an independent attribute set contributes
to the ordering of objects.

Definition 8 A subsetB3 C A is a reduct ofA if and only if

eral, we may also consider expressions connected by othe is an independent set and is equivalentto



AreductB C A is a minimal subset ofl, in the sense  SinceP({a,b,c}) = P({a,b}), the attribute setga, b, c}
that it does not contain any dispensable attributes, and proand {a, b} are equivalent. It can be easily verified that
duces the ordering of objects as givendyTypically, aset  P({a,b}) # P({a}) and P({a,b}) # P({b}). Thus, the
of attributes may have many reducts. The set of all reductsattribute set{a, b} is an independent set and is a reduct of

of an attribute setl is denoted byRED(A). A. Another reduct is given bip, c}. We haveRED(A) =
o o {{a,b},{b,c}} andCORE(A) = {b}. There is no abso-
Definition 9 The set of all indispensable elements/bis lute dispensable attribute.

called the core ofd and is denoted bg/ORE(A).
The concepts of dependency, dispensable attributes and

An attribute in the core must be in every reduct. Thus, reduct capture the connections between attributes with re-

we have: spect to ordering produced by a s&t They provide us
CORE(A) = [ RED(A). (5)  with a basis for analyzing and simplifying an ordered in-

formation table by removing certain attribute without loss
of information. In some situations, it is necessary to study
relationship between attributes relative to the overalkor
ing of objects. In what follows, we consider an ordered
Definition 10 An attributea € A is absolutely dispensable information table with a decision attribuei.e., the overall
in A if it does not belong to any reduct, nametye A — ordering of objects. All the concepts developed so far can
URED(A). be easily extended.

Definition 11 Let A C At be an attribute set. For an
expressionyp € FE(A), we sayo ¢-depends ond, de-
noted byA —g o, if and only if m(¢) C m(o,>) or
Example 2 LetU = {xz,y, 2} andA = {a,b,c}. Consider  m($) C m(o, =X).

the order relations induced by the three attributes:

The set of attribute€ ORFE(A) are so essential that they
can not be eliminated without losing the ordering informa-
tion provided byA. The core may be empty.

An absolutely dispensable attribute does not contribute
at all to ordering of objects based an

While dependency of attributes show global connection
=tay: 2] =7ay (U] =Fay [2], between attributesp-dependency shows local connection.
Assumeo ¢-depends ord. If any two objects satisfy the

>'ib}: [2] >ib} [, y]’* particular orderings specified hyon A4, one can tell their
=l Bl W =T [ ordering byo.
For the entire set of attributes, we have: Definition 12 Let A, B C At. Two attributes sets and B
are equivalent with respect tg if and only if
E({ab.c}) = {(a,=)A (b 2) A (e =), q P Y
(a, =) A (b, %) A (e -), U Me)= U M), 6)
( j) (b ) ( 7>')7'-'}- PEE(A) ¢'€E(B)

For clarity, we only explicitly give the expressions whose WhereM,(¢) is defined by:

meanings are nonempty sets of object pairs. The corre- m(e) A—yo
sponding partitionP({a, b, c}), is given by: My(¢) = { 0. ’ otherwise. (7)
m((a,=) A (b, =2) A (e, =) = {(z,y), (2, 2), (y,2)}, If A andB are equivalent with respect tg any two ob-
m((a,2) A (b, 2) A (e,>=)) = {(y,2)}, jects that can be properly ordered@according ta4A must
m((a, =) A (b, =) A (e, =) = {(z,2),(z,9)} be properly ordered according i®, and vice versa.
For the subset of attribute&z, b}, we have: Definition 13 An attributea € A is dispensable with re-
o spect to, if and only if A and A — {a} are equivalent with
E({a,b}) = {(a,=)A (b, =), (a, =) A (b, =), respect ta; otherwiseq is indispensable with respect to
(@, 2) A (b, =), -} Definition 14 An attribute setd is an independent set with

respect to, if and only if there is no dispensable attribute

which induces the partitio®({a, b}): in A with respect to

m((a, =) A (b,2)) = {(z,9), (z,2),(y,2)}, Definition 15 A subseB C A is a reduct of4 with respect
m((a, =) A (b, %)) = {(y,2)}, to o, if and only if B is an independent set and equivalent to
m((a, X) A (b,>)) = {(z,2),(z,y)} A with respect tm.



A reductB C A with respect tw is sometimes called
a relative reduct ofA with respect too. It consists of a
minimal subset of attributes ofl that provides the same
ordering of objects on as A itself. A set of attributes may
have more than one relative reduct. The set of all relative
reducts of an attribute set is denoted byRED,(A).

Definition 16 The set of all indispensable elements.Af
with respect to is called the core ofA with respect ta
and is denoted bg'ORE, (A).

Similarly, the core ofd with respect tw is called a rela-
tive core. The relative core of is the intersection of all its
relative reducts:

CORE,(A) = (| RED,(A). (8)
A relative core may be empty. Attributes in a nonempty

relative core play essential roles in describing the overal
ordering induced by.

Example 3 LetU = {z,y,z}, A = {a,b,c}, and At =
A U {o}. Consider order relations induced by attributes
given by:

“lay 2l -y lys 2l
= Toy [, 9] = 1oy [2];
it [2] =1ey ] =1y [2],
~To}: [2] =10y W] =10y [2]

E({avbac}) = {(a,})/\(b,j)/\(c,j),
(a,>=) A (b, =) A (e, =),
(a,2) A (b, 2) A (e, ),
(a, )N (b, =) A (e, =),...}
= {¢1,02,¢3,04,...}.

The relationships between orderings induced:by, ¢ and
o can be seen as follows:

m(o,=) = {(=,9),(2,2),(y,2)},
m(o, =) = {(y,2),(z,2),(z,9)},
m(¢1) = {(z,y)} Smlo>),
m(¢2) = {(z,2)} Smlo>),
m(¢s) = {(,2),(z2),(zy)} Smo, =),
m(¢s) = {(y,2)} Smlo ).
We have
U M) =@x0)*
PEE(A)

For the subsefa, b}, we obtain:

E({a,b}) = {(a,=) A (b,2),(a, =) A (b, >),
(@, 2) A (b,2), (a, =) A (b, =)}
= {1, 5, b3, 9L}
We have:
m(¢1) = {(z,y)} <m(o,>),
m(¢y) = {(z,2)} < m(o,>),
m(¢3) = {(y,2),(2,2),(z,9)} < m(o, =),
m(¢y) = {(y.2)} < mo,>~),
and

U M) =UxU)*
¢'€E({a,b})

SinceUep(a) Mo(9) = Uy en(apy) Mo(¢'), attribute
sets{a, b, c} and {a,b} are equivalent with respect to.

It is easy to check thafa} and {b} are not equivalent to
A, i.e., the attribute sefa, b} is an independent set, and
is is a relative reduct. One can also show tHat is the
other relative reduct ofA. Hence we hav&®®ED,(A)
{{a,b},{c}} andCORE,(A) = 0.

4 Mining Ordering Rules

Data mining in an ordered information table may be for-
mulated as finding association between orderings induced
by attributes. One is interested in finding associations be-
tween two arbitrary subsets of attributésand .

Definition 17 Consider two subsets of attributes B C
At. For two expressiong € FE(A) andy € E(B), an
ordering rule is read “if ¢ then«” and denoted by = 1.
The expressiow is called the rule’s antecedent, while the
expressiony is called the rule’s consequent.

An ordering rule states how orderings of objects by at-
tributes in A determines orderings of objects by attributes
in B. For example, an ordering rule,

(a,>) A (b, =) = (¢, >),
can be re-expressed as,
T} YNT 2} Y = T =1} Y-

That is, for two arbitrary objects andy, if = is ranked
ahead ofy by attributea, and at the same time; is not
ranked ahead aof by attributeb, thenx is ranked ahead of

by attributec. We adopt conditional probabilistic interpre-
tations for ordering rules. A systematic analysis of proba-
bility related quantities associated with rules was givgn b
Yao and Zhong [16]. We choose to use two measures called
accuracy and coverage [10].



Definition 18 The accuracy and coverage of an ordering Object
rule, ¢ = 1, are defined, respectively, by:

Im(¢ A9

accuracy(p = ) = ————,

im()]

coverage(¢p = ) = M, 9)

Im(¢)]

U Ot UL O kRl W W W W NN ND - ==
BN O W N O R N Ok W Ok W
NG AN NI NN AN NI N NSNS AN AN~

where| - | denotes the cardinality of a set.
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(
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(

(

(

(

(

The quantityaccuracy(¢ = 1) gives a measure of the (
correctness of the rule, ardverage(¢ = 1) gives a mea- E
(

(

(

(

(

(

(

(

(

sure of the applicability of the rule. In the extreme case,
if accuracy = 1, the ordering byy would determine the
ordering byy. If coverage = 1, the rule states something
about the entire ordering by. The accuracy and coverage
are not independent of each other, as both are related to the
quantity|m(¢ A ¢)|. Itis desirable for a rule to be accurate
as well as to have a high degree of coverage. In general, one
may observe a trade-off between accuracy and coverage. A
rule with higher coverage may have a lower accuracy, while
a rule with higher accuracy may have a lower coverage.

O OHR R OO R R OOREFEFOODOOOOO R
OO OO OO OO HODOO OO
== OO P OO FFFHIO
OR PR OFRHFHPRPRPROOREFRPRODODODOOO O |,
SO O HH P OODODODODODODODOOO K O

Example 4 From the data in Example 1, we can get, for

. . Table 2. A binary information table derived
example, two ordering rules:

from an ordered information table
(b, =) A (¢, %) = (0, %),

accuracy = 1.0, coverage = 0.615,
(¢,>) = (0,>),

accuracy = 0.625, coverage = 0.714.

Example 5 Consider the ordered information table in Ex-
ample 1. It can be transformed into the binary information
table, given by Table 2. For this table, we obtain a reduct

To mine ordering rules from an ordered information ta- CONSisting ofb, c}. Examples of rules are given by:

ble, we transform an ordered information table into a binary

; : . . : = =< <
information. Any standard data mining algorithms can be I (5, 2) A e, %) = (0, 2),
immediately applied. In the binary information table, we accuracy = 1, coverage = 0.615;
consider object pairgr,y) € (U x U)*. The information Ry : (¢, =) = (0,>),
function is defined by: accuracy = 0.625, coverage = 0.714;
L(z,y)={ & T = {a} Y» (10) RBy: (b,-) = (0,7),
9= 0, T X{a} Y- accuracy = 0.5, coverage = 0.286.

Statements in an ordered information table can be tramslate For R,, it can be paraphrazed as saying thatif>-(., ¥
into equivalent statements in the binary information table thenz {0} ¥ With accuracy0.625 and coverage.714.
For examplex .} y can be translated inth, (z, y) = 1.
In the translation process, we will not consider objectpair One may use other types of translation methods. For ex-
of the form(x, x), as we are not interested in them. ample, we may consider two strict order relationsand

In our approach, the interpretation of an ordered infor- <, instead of- and=<. Alternatively, one may translate an
mation table and the translation to a binary information ta- ordered information table into a three-valued information
ble are crucial. Once we obtain the binary information table table, corresponding te-, <, and~. Greco, Matarazzo
any existing data mining algorithm can be used to mine or- and Slowinski used graded preference relations which pro-
dering rules. For example, using Rosetta, a rough set toolki duce a multi-valued information table [3]. By translating a
for analyzing data, one can obtain a set of minimal order- ordered information table into a multi-valued information
ing rules from reducts with certain properties [9]. A well table, one may consider magnitudes of attribute values. Un-
known machine learning system C4.5 can also be used tdortunately, it may be difficult to interpret these magnitsd
learn ordering rules [8]. They must be obtained from either experts or experiments.



For this reason, we focus on the binary information table coverage = 0.6,

approach. It is important to realize that the framework pre- Ro: (£2,%) A (fi3, =) A (rL, =) = (0, =),
sent_eq In.'[hIS paper can be easily applied with very simple coverage — 0.590476,
modification.
Rs: (fi3, =) A (rl, =) A (s2,>) = (0, >),
5 A Real World Example coverage = 0.590476,
Ry = (f1,-) A(fi3,) A (s1,=) = (0, ),
To demonstrate the usefulness and effectiveness of the coverage = 0.580952

proposed model, we analyze the data from the Maclean’s

universities 2000 ranking [5]. The Maclean’s ranking R+ (f4, =) N (r2,) A (52,-) = (0, -),

compared universities with similar structures and man- coverage = 0.580952,
dates. All universities in Canada are classified into one Re : (f4,=) N (fi3,>=) A (s1,>=) = (0, >),
of three categories: Medical/Doctoral universities, Com- coverage = 0.571429.

prehensive universities, and Primarily Undergraduate uni
versities. Maclean’s ranked 15 Medical/Doctoral universi All the rules use only three performance measures. Even
ties based on 22 performance measure that are divided intdising such a small number of measures, one can correctly
six groupings, namely, Student Body (22%), Classes (17%),State close to 60% of the overall ranking.
Faculty (17%), Finances (12%), Library (12 %), and Repu-  Although the preliminary results obtained from the
tation (20%), where the weights in the parentheses indicateMaclean’s university ranking may need further study, in-
the contributions of the measures to the overall ranking. Ta depth analysis, and careful interpretation, they at least
ble 3 summarizes the ranking measures. present another point of view to look at the important is-
The 22 performance measures produce 22 individualsue of university ranking. An added advantage is that our
rankings and an overall ranking suggested by Maclean’s.method is of qualitative nature, without considering any
The details can be found in the November issue of quantitative information.
Maclean’s [5]. Using data analysis and data mining method
introduced earlier, we can find reduct(s) and the core of the6 Conclusions
ordered information table. We can also induce ordering
rules which state association between the overall ranking  Ordering of objects is a fundamental issue in human de-
and the rankings by 22 performance measures. cision making and may play a significant role in the design
For our experiment, we used the Rosetta, a rough setof intelligent information systems. This problem is consid
toolkit for analyzing data [9]. We found that there are sev- ered from the perspective of data mining. The commonly
eral reducts for this information table. One reduct with the ysed attribute value approaches are extended by intr(mucin
minimal set length for explanation {£1, 3, fi3, 14, r1, s2,  order relations on attribute values. A data analysis madel i
s5}. This suggests that one can use seven measures to prahus proposed to describe properties of ordered informatio
vides the same overall ranking of universities as given by tables. Mining ordering rules is formulated as the process
Maclean’s. The total weight of the seven measures is only of finding associations between orderings on attribute val-
30.8%. In addition, measures in this reduct do not necessaryes and the overall ordering of objects. These orderingrule
ily have the highest weights among performance measurestel| us, or explain, how objects should be ranked according
The number of measures in the reduct and the total weightto orderings on their attribute values.
are less than 1/3 of the ones used in the entire table. We also  The proposed solution for mining ordering rules is sim-
find that the core is empty, which means that there does nofple. Our main contribution is the formulation of the prob-
exist a measure that is absolutely essential for produbgt |em, and the translation of the problem to existing data
overall ranking. These observations are interesting,@s th mining problem. Consequently, one can directly apply any
indicate that some measures used by Maclean’s may not bexisting data mining algorithms for mining ordering rules.
necessary, and moreover the weights may not necessarilfrhe application of the proposed model to a real world exam-
reflect the importance of measures in producing the overallple demonstrates its usefulness and effectiveness. Depend
ranking. Another interesting observation of the the reduct ing on the specific problems, one may use different transla-
{c1, 13, fi3, 14, r1, s2, spis that it contains at least one tjon methods.
measure from each of the six categories.
Many ordering rules were found by using Rosetta. As References
examples, we list some rules with accuracy 1 and the high-

est degrees of coverage: [1] Cohen, W.W., Schapire, R.E., and Singer, Y., Learn-

Ry:(f4,=)A(fi3,=) A (s2,>) = (o0,>), ing to order thingsAdvances in Neural Information



measure| meaning weight
sl incoming students’ average high-school grades 12%
s2 proportion of those with averages of 75 per cent or more 3%
s3 proportion of out-of-province first-year undergraduatelsints 1%
s4 percentage of international students at the graduate level 1%
s5 graduation rates 2%
s6 proportion of winning national academic awards 3%
cl class sizes at the first- and second-year levels 7%
c2 class sizes at the third- and fourth-year levels 7%
c3 percentage of first-year classes taught by tenured/tenack professors 3%
fl percentage of those with PhDs 3%
f2 the number who win national awards 3%
3 social sciences and humanities grants, Canada Counctkdesst year 5.5%
f4 medical/science grants last year 5.5%
fil the amount of money for current expenses per weightedifo#-equivalent student 3.3%
fi2 percentage of the budget spent on student services 4.3%
fi3 scholarships and bursaries 4.3%
11 the number of volumes and volume equivalents per total nuwisudents 3%
12 total holdings 1%
13 percentage of a university’s operating budget that wasatésd to library services 4%
14 percentage of the actual library budget that was spent oatimgpthe collection 4%
rl alumni support 5%
r2 reputational survey 15%
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