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Abstract.  Feature construction through aggregation plays an essential
role in modeling relational domains with one-to-many relat ionships be-
tween tables. One-to-many relationships lead to bags (multisets) of re-
lated entities, from which predictive information must be ¢ aptured. This
paper focuses on aggregation from categorical attributes that can take
many values (e.g., object identi ers). We present a novel aggregation
method as part of a relational learning system ACORA, that co mbines
the use of vector distance and meta-data about the class-corditional
distributions of attribute values. We provide a theoretica | foundation for
this approach deriving a \relational xed-e ect" model wit  hin a Bayesian
framework, and discuss the implications of identi er aggre gation on the
expressive power of the induced model. One advantage of usig identi-
er attributes is the circumvention of limitations caused e ither by miss-
ing/unobserved object properties or by independence assunptions. Fi-
nally, we show empirically that the novel aggregators can generalize in
the presence of identi er (and other high-dimensional) att ributes, and
also explore the limitations of the applicability of the met hods.

1 Introduction

When building statistical models from relational data, modelers face several
challenges. This paper focuses on one: incorporating one-many relationships
between a target entity and related entities. In order for standard statistical
modeling techniques to be applicable, bags (multisets) ofelated entities must
be aggregated where aggregation is the process of converting a bag of etigs
into a single value.

This paper addresses classi cation and the estimation of elss-membership
probabilities, and unless otherwise specied we will assum binary classi ca-
tion. We assume that data are represented as a multi-table riational database,
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although the techniques apply as well to other relational reresentations. The
simplest domain that exhibits the one-to-many relationships at issue consists of
two tables: a target table, which contains one row for each entity to be classi-
ed, and an auxiliary table that contains multiple rows of ad ditional information
about each target entity. Figure 1 illustrates the case of a customer table and
a transaction table. This simple case is ubiquitous in busiess applications: for
customer classi cation for churn management, direct markeing, fraud detection
etc., it is important to consider transaction information ( such as types, amounts,
times, locations).

Customer Transaction

CID |[CLASS | |CID |TYPE ISBN |Price
Cl |0 C1 |Fiction 523 9.49
c2 |1 C2 |Non-Ficiton |231 12.99
C3 |1 C2 |Non-Fiction |523 9.49
C4 |0 C2 |Fiction 856 4,99
C3 |Non-Fiction |231 12.99
C4 |Fiction 673 7.99
C4 |Fiction 475 10.49
C4 |Ficiton 856 4,99
C4 |Non-Fiction {937 8.99

Fig.1. Example of a relational classi cation task consisting of a t arget table Cus-
tomer(CID, CLASS) and a one-to-many relationship to the tab le Transaction(TID,
TYPE, ISBN, Price).

For modeling with data such as these, practitioners traditionally have man-
ually constructed presumably relevant features before aplying a conventional
(\propositional") modeling technique such as logistic regession. One group of
automatic relational modeling approaches follows a simila process, explicitly
constructing features from secondary tables in order to athw the application
of standard statistical modeling techniques. The potentid advantages of such a
transformation, or \propositionalization," approach hav e been discussed previ-
ously [1].

Aggregation of bags of values plays an important role in the tansformation
process, but only two types of automated aggregation are ragarly used: (1)
simple aggregates, such as the arithmetic average or the mosequent value, and
(2) domain-speci c aggregates, such as recency and frequeyof prior purchases
(used regularly for direct marketing). These simple aggregtes may be suitable
for bags of numeric attributes or low-cardinality categoricals. However, applying
them to high-dimensional categorical attributes results éther in massive loss of
information or an extremely large and sparse feature spacejneither of which
facilitates subsequent modeling.
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We introduce and analyze novel aggregation methodsthat are more complex
than the simple aggregates, are general enough to construéatures for a variety
of modeling domains, and are tailored to statistical relational learning [3]. The
main idea of the feature construction techniques is rst to estimate and store
(class-conditional) data about the distributions of the bags of attribute values
(distributional meta-data). Second, when confronted with a particular target case
we consider various vector distances to compress the inforation from the case's
bag(s) relative to the distributional meta-data.

The main contributions of this work are:

1. It provides an initial theoretical and rhetorical analysis of principles for de-
veloping new aggregation operators.

2. It develops a novel method for relational feature constrtion, based on this
analysis, including novel aggregation operators. To our kowledge, this is
the rst relational aggregation approach that can be applied generally to
categorical attributes with high cardinality.

3. It draws an analogy to the statistical distinction between random- and xed-
e ect modeling, provides a theoretical justi cation for us ing class-conditional
aggregation, and argues that it has the potential to overcone some of the
shortcomings of traditional aggregates.

4. It provides an analysis of the aggregation of object ideriters, a common
class of categorical attributes with high cardinality, which in a relational
setting can provide important discriminative information . A unique oppor-
tunity presented by the introduction of object identiers i s that modeling
may be able to learn from unobserved object properties.

Section 2 presents a general analysis of potential aggregation objéees for
modeling, and derives the principles for developing aggrees. Section3 presents
our new aggregation operators and gives an overview of the laional learning
system ACORA. Next we provide in Section4 a brief analysis of the new aggre-
gates and discuss the implications of applying such aggregjans to object iden-
ti ers. Section 5 provides empirical support for our claims of the applicabiity
of the novel aggregates to domains with high-dimensional dagorical attributes
and of the advantages of learning from object identi ers.

2 Setup and Principles of Aggregation

A relational probability estimation (or classi cation) ta sk is de ned by a rela-
tional database RDB containing two or more tables T;, including a particular
target table T;. Every table T; contains s; rows of instances tf (1 f s.)
Each instancef is represented by a set oh attribute values t = (tll; ot m
The type , D(Tim ), of attribute T, is either R in the case of numerlc attnbutes
or the set of values that a categorical attnbuteST.m can assume; in cases where
this is not known a priori, we dene D(Tim ) = (-, (tIm ), the set of values that

! This paper is an extension of the second half of p].
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are observed across all instances in column m of table T;. The cardinality of
a categorical attribute C(Ti, ) is equal to the number of distinct values that the
attribute can take: C(Tim ) = jD(Tim )j-

One particular attribute Ty in the target table T; is the target , a class label
for which a model has to be learned given all the informationn RDB . We will
consider binary classi cation (D (T ) = f0;1g). Assuming a cost function C(c; €)
where c is a vector of binary class labels andc’a vector of probabilities of class
membership, we de ne the relational probability estimation task as nding a
mapping M : (th ;RDB) ! [0; 1] from instances inT; (along with all informa-
tion in RDB), subject to minimizing the cost in expectation over any posible
set of target casesT; :

M = argmin Et, [C(Ty;M (T, ;RDB))]: 1)
M

The main distinction between relational and propositional model estimation is
the additional information in tables of RDB other than T;. This additional in-
formation can be associated with instances in the target take via keys. The
conventional de nition of a key requires a categorical attribute Ty, to be unique
across all rows in tableTm : C(Tmj ) = Sm. A link to information in another table
T, is established if that key Ty, also appears ady, in another table T,, where it
would be called aforeign key . This de nition of a foreign key requires an equal-
ity relational ER between the types of pairs of attributeSER (D (Tyy ); D (Tni ).
We will assume that for the categorical attributes in RDB this equality relation
is provided.

More fundamentally, keys are used to express semantic linkisetween the real
entities that are modeled in the RDB . In order to capture these links, in addi-
tion to entities' attributes we also must record an identi er  that stands for the
true identity  of each entity. Although database keys often are true identiers
(e.g., social security numbers), all identi ers are not ne@ssarily keys in a partic-
ular RDB . This can be caused either by a lack of normalization of the deabase
or by certain information not being stored in the database. For example con-
sider domains where no information is provided for an entitybeyond a \name":
shortnames of people in chatrooms, names of people transbad from captured
telephone conversations, email addresses of contributoie news groups. In such
casesRDB may have a table to capture the relations between entities, bt not
a table for the properties of the entity. This would violate t he formal de nition
of key, since there is no table where such an identi er is unige. An example of
an identi er that is not a key is the ISBN attribute in the tran saction table in
Figure 1.

Without semantic information about the particular domain i t is impossible
to say whether a particular attribute re ects the identity o f some real entity. A
heuristic de nition of identi ers can be based on the cardinality of its type (or
an identical type under ER):

De nition 1: Ty is anidentier if D(Tm; ) 6 R and
(9TghjC(Tgh) Imin and ER(D(Tgh); D (T )
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Informally, a identi er is a categorical attribute where th e cardinality of its type
or some equivalent type is larger than some constanty,y . Note that for many
domains the distinction between keys and identi ers will be irrelevant because
both de nitions are true for the same set of attributes. If Iyn IS set to the
size of the smallest table, the keys will be a subset of the iddi ers. The use
of identi ers to link objects in a database (still assuming an equality relation
between pairs of attributes) will therefore provide at leag as much information or
more than the use of keys. The choice ofyn is bounded from above bys;, the
size of the target table. There is no clear lower limit, but very small choices (e.g.,
below 50) for Iy are likely to have a detrimental e ect on model estimation,
in terms of run time and potentially also in terms of accuracy, because too many
irrelevant features will be constructed.

A relationship between entities is de ned by a quadruple of the form {T; Ty ;
Th; Tnq) consisting of the two tables and two identi ers of equivalent type. The
bag R of objects related to tI under this relationship is de ned as R, (tI) =
ft%jt{m = t},9 and the bag of related values of attribute Ty, is de ned as
R, () = fthjtiy = tig0.

Beyond de ning related objects, identi ers are also important for aggrega-
tion. Aggregation operators are needed to incorporate infamation from one-to-
many relationships as in our example in Figurel, joining on CID. The challenge
in this context is the aggregation of the ISBN attribute, which we assume has
cardinality larger than Iy . An aggregation operator A provides a mapping
from a bag of valuesRr,, (tI ) to either R, (A : Ry, (t{) I R), or to the original
type of the attribute (A : R, (t{) I D(Tnz)). Simple aggregation operators
for bags of categorical attributes are theCOUNT, value counts for all possible
valuesv 2 D(Tn;), and the MODE . COUNT = jRy,, (t{ )j is the size of the
bag. COUNT, for a particular value v is the number of times valuev appeared
in the bag Rr,, (t)),

X
COUNT,(Rr,, (1)) = 1 @

e2Rt,, je=v
The MODE is the value v that appears most often in Ry, (tI ):

MODE (Rr,, (t{)) = argmax COUNT, (Rr,, (1{)): 3)
\'

In the example, MODE (Rtvpe (C2;1)) = 'Non-Fiction' for the bag of TYPE
attributes related to customer C2. None of these simple aggrgates is appro-
priate for high-cardinality attributes. For example, sinc e most customers buy a
book only once, for bags of ISBNs there will be no well-de nedMODE . The
number of counts (all equal to either zero or one) would equathe cardinality
of the identi er's domain, and could exceed the number of traning examples by
orders of magnitude|leading to over tting.

More generally and independently of our de nition of identi ers, any cate-
gorical attribute with high cardinality poses a problem for aggregation. This has
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been recognized implicitly in prior work (see Section6), but rarely addressed
explicitly. Some relational learning systems f] only consider attributes with car-

dinality of less than n, typically below 50; Woznica et al. [5] de ne standard
attributes excluding keys, and many ILP systems require the explicit ignti ca-

tion of categorical values to be considered for equality tes, leaving the selection
to the user.

2.1 Design Principles for Aggregation Operators

Before we derive formally in Section3.1 a new aggregation approach for cat-
egorical attributes with high cardinality, let us explore t he objectives and po-
tential guidelines for the development of aggregation opeators.? The objective
of aggregation in relational modeling is to provide features that improve the
generalization performance of the model (the ideal featurevould discriminate
perfectly between the cases of the two classes). However aterre construction
through aggregation typically occurs in an early stage of mdeling, or one re-
moved from the estimation of generalization performance (., while following
a chain of relations). In addition, aggregation almost alwas involves the loss of
information. Therefore an immediate concern is to limit the loss of predictive in-
formation, or the general loss of information if predictive information cannot yet
be identi ed. For instance, one measure of the amount of infomation loss is the
number of aggregate values relative to the number of unique &gs. For example
for the variable TYPE in our example, there are 54 non-empty kags with size
less than 10 containing values fromf Fiction,Non-Fiction g. The MODE has 2
possible aggregate values an€@OUNT has 9. One could argue that the general
information loss is larger in the case ofMODE . In order to limit the loss and
to preserve the ability to discriminate classes later in theprocess, it desirable to
preserve the ability to discriminate instances.

Principle 1: Aggregations should capture information that discriminates in-
stances.

Although instance discriminability is desirable, it is not su cient for pre-
dictive modeling. It is simple to devise aggregators that irvolve no apparent
information loss. For the prior example, consider the enumeation of all possible
54 bags or a prime-coding 'Non-Fiction'=2, 'Fiction'=3, wh ere the aggregate
value corresponding to a bag is the product of the primes. A cding approach
can be used to express any one-to-many relationship in a sinfg feature-vector
representation. An arbitrary coding would not be a good choce for predictive
modeling, because it almost surely would obscure the natutdasimilarity between
bags: a bag with 5 'Fiction' and 4 'Non-Fiction' will be just a s similar to a bag
of 9 'Fiction' books as to a bag of 5 'Fiction' and 5 'Non-Ficti on' books. In order
for aggregation to produce useful features it must be aligné with the implicitly

2 Related issues of quantifying the goodness of transformation operators have been
raised in the context of \good kernels" for structured data ( Gaertner et al. [6]).
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induced notion of similarity that the modeling procedure will (try to) take ad-
vantage of. In particular, capturing predictive information requires not just any
similarity, but similarity with respect to the learning tas k given the typically Eu-
clidean modeling space. For example, an ideal predictive maeric feature would
have values with small absolute di erences for target case®f the same class
and values with large absolute di erences for objects in dierent classes. This
implies, that the aggregates should not be independent of tb modeling task; if
the class labels were to change, the constructed features atld change as well.

Principle 2: Aggregates should induce a similarity with respect to the larn-
ing task, that facilitates discrimination by grouping toge ther target cases of the
same class.

Thus, we face a tradeo between instance discriminability and similarity
preservation. Coding maintains instance discriminability perfectly, but obscures
similarity (without luck or some additional mechanism). COUNT and MODE
on the other hand lose much instance discriminability, but will assign identical
values to bags that are in some sense similar|either to bags d identical size, or
to bags that contain mostly the same element. Again, becausaggregation often
is distant in the induction process from the assessment of ta nal objective,
it may be dicult to select one appropriate similarity measu re. Furthermore,
since most similarity-preserving operators involve infomation loss, it might be
advantageous to use multiple operators that, when combinedcapture more in-
formation.

Principle 3: Various aggregations should be considered, re ecting di eent no-
tions of similarity.

For our example, consider the following alternative aggregtion. Rather than
capturing all information into a single aggregate, constrict 2 attributes, one
count for each value 'Fiction' and 'Non-Fiction'. The two co unts together main-
tain the full information. Unfortunately, constructing co unts for all possible val-
ues is possible only if the number of values is small comparet the number of
training examples 3

The design principles suggest particular strategies and tetics for aggregation:

{ Directly use target (class) values to derive aggregates thiaalready re ect
similarity with respect to the modeling task.
{ Use multiple aggregates to capture di erent notions of simiarity.

{ Use numeric aggregates, since they can better trade o instace discrim-
inability and similarity.

 Model induction methods suitable for high dimensional inpu t spaces may confer an
advantage for such cases, as they often do for text. However,we will see later, for
relational problems even producing single-number aggregaions can lead to a large
number of features.
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We present in the next section a novel aggregation approachdsed on these
principles, that is particularly appropriate for high-dim ensional categorical vari-
ables.

3 Aggregation for Relational Learning

Relational

Data Sets of Potential Feature Model Target
Objects Features Vector
O
00O _ c
O X1, ...,.Xn X1, ... Xi

Exploration O O Feature Feature Model Prediction
using Joins Construction Selection Estimation

- Numeric Aggregates - Logistic Regression

- Counts - Decision Tree

- Reference Distances - etc.

- Discriminative Categoricals

Fig.2. System architecture of ACORA with four transformation step s: exploration,
feature construction, feature selection, model estimation, and prediction. The rst two
(exploration and feature construction) transform the orig inally relational task (multiple
tables with one-to-many relationships) into a correspondi ng propositional task (feature-
vector representation).

In order to perform a comprehensive analysis of aggregatichased attribute
construction for relational data, it is necessary to instartiate the ideas described
above in a system that can be applied to non-trivial relational domains. ACORA
(Automated Construction of Relational Attributes) is a pro positionalization-
based system that converts a relational domain into a featue-vector representa-
tion using aggregation to construct attributes automatically. ACORA consists
of four nearly independent modules, as shown in Figure:

{ exploration: constructing bags of related entities using pins and breadth- rst
search,

{ aggregation: transforming bags of objects into single-valed features,

{ feature selection, and

{ model estimation.

Figure 3 outlines the ACORA algorithm more formally in pseudocode. Snce
the focus of this work is on aggregation we will concentraterni Section 3.1 on
distribution-based aggregation assuming bags of values.fe computation of such
bags of related objects is explained in more detail in Sectio 3.2; it requires the
construction of a domain graph where the nodes represent théables the edges
capture links between tables through identi ers. Following the aggregation, a
feature selection procedure identi es valuable featuresdr the modeling task, and
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in the nal step ACORA estimates a classi cation model and makes predictions.
Feature selection, model estimation, and prediction use aoventional approaches
including logistic regression, the decision tree learner €.5 [7], and naive Bayes
(using the WEKA package [8]), and are not discussed further in this paper.

ACORA Algorithm

Input:  The domain speci cation (tables, attributes, types, and an equality relation
over types), and a database RDB including a target table T; with labeled training
objects t; and unlabeled test cases.
1. Read speci cation and build domain graph G (Section 3.2)
2. Initialize breadth-rst list L with target table: L = fTig
3. Initialize feature table F =non-identi er attributes( Ti)
4. Loop
5. Te = First( L)
6. Foreach table Tg in RDB linked to T¢ in G through some identi ers Te; Tg;
7. J = Join T¢ and Ty under the condition Tk = Tg;
8. Foreach attribute Tga;a6 j (Section 3.1)
9. Foreach target observation t!"
10. Foreach applicable aggregation operator A
11. Construct As(Rr,, (t{))
12. End Foreach
13. Append aggregatesA as new columns to feature table F
14. End Foreach
15. Append to list L the join result (J)
16. End Foreach
17. if (stopping criterion) GOTO Select Features
18. End Foreach
19. End Loop
20. Select FeaturesSF from F
21. Build propositional model from SF

Fig. 3. Pseudocode of the ACORA algorithm

3.1 Aggregation using Distributional Meta-Data

The result of the join (on CID) of the two tables in our example database (step 7
in the pseudocode) is presented in Tabld. Consider the bagR(C2; 1) of related
transactions for customer C2:

h(C2,Non-Fiction,231,12.99),(C2,Non-Fiction,523,9.49, (C2,Fiction,856,4.99)i.
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CID |CLASS |TYPE ISBN |Price
Cl |0 Fiction 523 9.49
c2 |1 Non-Fiction |231 12.99
c2 |1 Non-Fiction [523 9.49
c2 |1 Fiction 856 4.99
C3 |1 Non-Fiction [231 12.99
C4 |0 Fiction 673 7.99
C4 |0 Fiction 475 10.49
C4 |0 Fiction 856 4.99
C4 |0 Non-Fiction |937 8.99

Table 1. Result of the join of the Customer and Transaction tables on C ID for the
example classi cation task in Figure 1. For each target case (C1l to C4) the one-to-
many relationship can result in multiple entries (e.g., thr ee for C2 and four for C4)
highlighting the necessity of aggregation.

The objective of an aggregation operatorA is to convert such a bag of re-
lated entities into a single value. In step 8 of the pseudocoe, this bag of feature
vectors is split by attribute into three bags Rty pe (C2;1) = hNon-Fiction,Non-
Fiction,Fiction i, Risgn (C2;1) = h231,523,856, and Rprice (C2;1) = h12.99,
9.49,4.99. Aggregating each bag of attributes separately brings intoplay an as-
sumption of class-conditional independence between atthiutes of related entities
(discussed in Sectiord.1 and [2]). ACORA may apply one or more aggregation
operators to each bag. Simple operators that are @pplicableo bags of numeric
attributes Ry, , such as Price, include theSUM = c¢c2 Ry, orthe MEAN =
SUM=|jRy; j. Consider on the other handR sgn (C2;1) = h231,523,856. ISBN
is an example of a bag of values of an attribute with high cardnality, where
the MODE is not meaningful because it does not contain a \most common'
element. The high cardinality also prevents the constructon of counts for each
value, because counts would result in a very sparse featuresetor with a length
equal to the cardinality of the attributes (often much larger than the number of
training examples), which would be unsuitable for model indiction.

Distances to Reference Vectors and Distributions The motivation for the
new aggregation operators presented in the sequel is twoftil 1) to deal with bags
of categorical high-cardinality attributes for which no satisfactory aggregation
operators are available, and 2) to develop aggregation opators that satisfy
the principles outlined in Section 2.1 in order ultimately to improve predictive
performance. Note that even if applicable, the simple aggrgates do not satisfy
all the principles.

The main idea is to collapse the cardinality of the attribute by applying a
vector distance to a vector representation both of the bag ofelated values and of
a reference bagthat is constructed across multiple related bags. In partialar, the
reference bags can be conditioned on the class label as folte. Let us de ne BfTii

as the vector representation of a bag of categorical valueRRt, (t{ ). Speci cally,
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given an ordering,O : D(T; ) ! N, and a particular value v of attribute Tj; , the
value of BfTii at position O(v) is equal to the number of occurrences, of value
v in the bag.

B1, [OW)] = ¢ @

For exampleB£2, . =[2; 1] for Rrype (C2; 1) = hNon-Fiction,Non-Fiction,Fiction i,
under the order O(Non-Fiction)=1, O(Fiction)=2. We will us e the term case vec-
tor to mean this vector representation of the bag of values relatd to a particular
case.

Based on the case vectors in the training data, the algorithmconstructs two
class-conditional reference vectorsB® and B! and an unconditional reference
vector B , wheres; is the number of positive target cases and? is the number
of negative target cases:

0 1 X f
BY, [O()] = — BY, [O(V)] (5)
0 jt', =0
1 1 X f
BY, O] = = BY, [O(V)] (6)
! fith =1
Br, OW]= g BT, OV (7)

B%“_ [O(V)] is the average number of occurrences of value related to a positive
target case (i = 1) and B‘T)ii [O(v)] the average number of occurrences of a values
v related to a negative target case {ic = 0). BTii [O(V)] is the average number of
occurrences of values related to any target case. We also csider the following
normalized versionsD?, D! and D that approximate the class-conditional
and unconditional distributions from which the data would h ave been drawn,
wherer; is the number of values related totI (the size of bagR, (tI ) :

X

DY owi= 22— " B! o) (®)

it =0 71 et <o

1 1 X

D} [OW]= P——— " B} O] ©)

Fite =1 70 fj¢f o

1 X
Dy, OW]= P B, [OW) (10)

f

For the example, the case vectors for TYPE and ISBN are shownn Table 2
and the reference vectors and distributions in Table3. We now extend the pseu-
docode of step 8:
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TYPE |Non-Fiction [Fiction [|ISBN [231|475|523|673|856|937
B¢l |o 1 B o [0 |1 |o [o |o
BCZ |2 1 B2 1 o |1 o [1 |o
B¢ |1 0 B®® |1 o |o o [0 |0
B¢ |1 3 B o 1 o |12 1 |1

Table 2. Vector representation of the bags of the TYPE and ISBN attrib utes for each
target case (C1 to C4) after the exploration in Table 1. As before, the B's denote the
counts of how often a value appeared.

TYPE [Non-Fiction |Fiction |[ISBN |231|475 (523 (673|856 937
B! 1.5 0.5/[B? 1 0 0.5 |0 0.5 |0
B 0.5 2.0||B® 0 [0.5(0.5]05 (0.5 |05
B 2.0 2.5||B 0.5 [0.25/0.5 |0.25|0.5 [0.25
D! 0.75] 0.25/|D? 0.5 |0 0.25|0 0.25|0
DY 0.20 0.80||D° 0 (0.2 |0.2 |0.2 |0.2 |0.2
D 0.44 0.55||D 0.22/0.11/0.22|0.11/0.22/0.11

Table 3. Estimates of the reference distributions for the TYPE and IS BN attributes
for the bag of related objects in Table 1: class-conditional positive D?, class-conditional
negative D°, and unconditional distribution D . The corresponding reference bags
(Bl;BO; and B ) capture the same information, but with a di erent normaliz ation:
division by the number of target cases rather than by the numb er of related entities.

Input:  All bags Rr,, (t; ) for attribute a6 j of all target casest| .
8.1  Foreach target case! estimate Bnga

i 0 .pl . .0 .11 .
8.2 Estimate B7 By ;B ;D7 ;D7 D1,

The aggregation in step 11 now can take advantage of the refence vectors by
applying di erent vector distances between a case vector ad a reference vector.
An aggregation was de ned as a mapping from a bag of values to single value.
We now de ne vector-distance aggregatef a bag of categorical attributes Tj;
as:

A(Rr, (t})) = VD(B], ;RV) (11)

where VD can be any vector distance metric andRV 2 f B} ;Bi ;By DY ;
D%ji D1, 0. ACORA o ers a number of distances measures for these aggre-
gations: likelihood, Euclidean, cosine, edit, and Mahalaobis, since capturing
di erent notions of distance is one of the principles from Setion 2.1 In the
case of cosine distance the normalizationg° vs. D°) is irrelevant, since cosine
normalizes by the vector length.

Consider (Table 4) the result of step 12 of the algorithm on our example,
where two new attributes are appended to the original featue vector in the
target table, using cosine distance toB; for the bags of the TYPE and the ISBN
attributes. Both features appear highly predictive, but of course the predictive
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CID |[CLASS [Cosine(B¥P¢ ;Biype )|Cosine(BEEy ;Bisen )
Cci |0 0.316 0.408
c2 |1 0.989 0.942
C3 |1 0.948 0.816
Cc4 |0 0.601 0.204

Table 4. Feature table F after appending the two new cosine distance features from
bags of the TYPE and ISBN variable to the class-conditional p ositive reference bag.
The new features show a strong correlation with the class label.

power has to be evaluated in terms of the out-of-sample perfonance for test
cases that were not used to construcB® and B*.

Observe the properties of these operators in light of the pmciples derived
in Section 2.1 1) they are task-specic if RV is one of the class-conditional
reference vectors, 2) they compress the information from dagorical attributes of
high dimensionality into single numeric values, and 3) theycan capture di erent
notions of similarity if multiple vector distance measures are used. If the class
labels change, the features also will, since the estimated the distributions will
di er. If there were indeed two di erent class-conditional distributions, the case
vectors of positive examples would be expected to have smell distances to
the positive than to the negative class-conditional distribution. The new feature
(distance to the positive class-conditional distribution) will thereby re ect a
strong similarity with respect to the task. This can be obsewed in Table 4.
Only if the two class distributions are indeed identical shaild the di erence in
the distances be close to zero. The loss of discriminative farmation is lower
compared to conventional aggregation.

A limitation of the features constructed by ACORA is they are not easily
comprehensible. The only conclusion that could be drawn abat the use by a
model of such a vector distance feature is that the distributon of a particular
attribute is di erent for target cases of one class versus tle other. In order to
understand more fully, it would be necessary to analyze or \sualize the actual
di erences betweenD? and D?.

The computational complexity of the aggregation considerng only one join
is O(n p logp), where n is the length of the table after the join and p is
the number of possible categorical values. The class-cortdinal distribution can
already be estimated during the join execution. One additimal pass over the
resulting table is required to estimate the distances. Thep logp factor re ects
the use of hash tables to store intermediate resultsn can be approximated as a
product of the size of the target table and the average size of the bag of related
objects:n s; s. The quality of this estimate depends on the variance and the
skew of the distribution of the bag sizes. The overall complgity of ACORA is
O(J n p logp) if J joins are considered.
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Categorical Counts  An alternative solution to address the cardinality and
the resulting length of the vector representation B is to curtail the vector by
selecting a smaller subset of values for which the counts amecorded. This poses
the question of a suitable criterion for selection. A simpleselection criterion is the
overall frequency of a value across all bags. ACORA constrdmns in addition to
the vector-distance features, the topn valuesv for which B (O(v)) was largest.

However, the principles in Section2.1 suggest choosing thenost discrimina-
tive values for the target prediction task. Speci cally, ACORA u ses the class-
conditional reference vectorsB® and B* (or the distributions D° and D?) to
select those that show the largest absolute values faB* BP. For example, the
most discriminative TYPE value in the example is 'Fiction wi th a di erence of
1.5 in Table 3.

Numeric Aggregates = ACORA provides straightforward aggregates for nu-
meric attributes: MIN; MAX;SUM; MEAN; and VARIANCE . It also dis-
cretizes numeric attributes (equal-frequency binning) ard estimates class-condi{
tional distributions and distances, similar to the procedure for categorical at-
tributes described in Section3.1. This aggregation makes no prior assumptions
about the distributions (e.g., normality) and can capture arbitrary numeric den-
sities. We do not assess this capability in this paper.

3.2 Computation of Bags of Related Objects

As introduced brie y in Section 3, one component of relational learning is the
identi cation of entities that are related to the observati ons in the target table.
This requires knowledge about the available background takes, the types of their
attributes, and which attributes can be used to join. ACORA rst distinguishes
a set of identi ers using the proposed heuristic that requires an identi er to be
categorical and to have cardinality larger than some constat, typically set to
100. Using this set of identi er attributes, ACORA converts a domain explic-
itly into a graph representation and nds related informati on using breadth- rst
search for graph traversal. As an example to illustrate thisprocess we use the
CORA domain [9], a bibliographic database of machine learning papers (segec-
tion 7). CORA comprises three tables: Paper, Author and Citation, as shown in
Figure 4. We do not use the text of the papers, only the citation and authorship
information.

The rst step is the conversion of the domain into a graph. Thetables are the
vertices and an edge between two table$; and Ty, represents the occurrence of
a pair of identi er attributes T;; and Ty, that are compatible, i.e., they belong to
the equality relation ER (Tji ; Tmi ). The only condition imposed on an edge is that
T; and T, cannot both be equal to the target table T;. This allows for multiple
edges between two tables. With the exception of the target tale, we also allow
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Paper
P_ID Class

Citation
. Author PID PID

P_ID AID

P ID 4XP_ID

Fig. 4. Graph representation of the CORA document classi cation do main, with tar-
get table Paper(P _ID and Class), two background tables Author(P _ID,A _ID) and Cita-
tion(P _ID,P _ID). Each identi er also produces a self-loop, except on the target table.

Fig.5. Dynamic exploration tree corresponding to a breadth- rst s earch over the
CORA graph in Figure 4. The exploration starts from the target table Paper. The
numbers denote the order in which the nodes are visited; attribute names on links
show the identi er that was used for the join, and the attribu te names to the right of
each node denote attributes that have to be aggergated.

edges that link a table to itself.* Figure 4 shows the CORA graph including the
target table, Paper, and two additional tables, Author and Citation, showing
attributes in the nodes and the linking identi ers on the edges. PID and A_ID
stand for Paperld and Authorld respectively, and are identi ers; attributes with
the same name have the same type.

ACORA's search explores this domain graph starting from thetarget table
using breadth- rst search as formalized in the pseudocoden Figure 3. Figure 5
shows the \unrolled" search tree, the numbers correspondig to the order of
breadth- rst search. The path from the root to each node of the tree corresponds
to a sequence of joins, and so the nodes in layer of depthrepresent all possible

4 Self-links currently are not included for target tables bec ause they cannot provide
any new information for the propositional learning task.
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joins over n relations. The results of the sequence of joins are the bagd celated
entities from the nal nodes for each object in the target table.

The only constraint on a path is that for any table, the incoming identi er
attribute (a particular column, not the type) must be di ere nt from the outgoing
identi er attribute. The intuition for this heuristic can b e seen in the CORA
domain: joining the Paper table on P_ID with Author produces for each paper
the set of its authors. A second join on RID to the citation table would produce
for each paper-author pair a bag of all cited papers. Now eachitation appears
n times wheren is the number of authors of the paper. We have only duplicated
the information about the citations by a factor of n. Intermediate tables on a
path that reuses the same key only result in a replication of mformation that
would be available on a shorter path that skips that table.

Given cycles in the graph, it is necessary to impose a stopp@ criterion.
ACORA uses either depth (three in the case of Figureb) or the number of joins.
As the length of a path increases, the distance to the target bject increases and
the relevance of those related entities decreases. Altertige stopping criteria
include the number of constructed features, run time, mininum gain in model
performance, etc.

Finally we have to decide whether ACORA should be permitted o join back
to the target table (see nodes 6, 9 and 14 in Figur&) and if yes, under what
conditions. This question is related to the de nition of what constitutes back-
ground knowledge for a particular problem. More speci cally, is the collection of
training data itself part of the background knowledge that will be available for
prediction? This view is often appropriate for networked damains ([10],[11],[12)]).

4 Formal Analysis and Implications

We suggested distance-based aggregates to address a pautar problem: the
aggregation of categorical variables of high cardinality.The empirical results in
Section 5 provide support that distribution-based aggregates can imeed con-
dense information from such attributes and improve generakation performance
signi cantly over alternative aggregates, such as counts dr the n most com-
mon values. We now show that the distance-based aggregatiomperators can be
derived as components of a \relational xed-e ect model" with a Bayesian the-
oretical foundation. This derivation also allows us to idertify assumptions that
impact the performance and to derive (see Sectiod.3) implications for the use
of aggregation with identi ers.

4.1 Distributional Meta-Data for Aggregation

Aggregation summarizes a set or a distribution of values. Asve have described,
ACORA creates reference summaries, and saves them as \metdata" about
the unconditional or class-conditional distributions, against which to compare
summaries of the values related to particular cases. Speaially, the normalized
reference vectordD ; and D are the class-conditional likelihoods that de ne the
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distribution from which the values in the corresponding bag would have been
sampled, under the assumption of independent draws.

Although its use is not as widespread as in statistical hypohesis testing, dis-
tributional meta-data like D, and D are not foreign to machine learning. Naive
Bayes stores class-conditional likelihoods for each atthiute. In fraud detection,
distributions of normal activity have been stored, to produce variables indicat-
ing deviations from the norm [13]. Aggregates like the mean and the standard
deviation of related numeric values also summarize the unddying distribution;
under the assumption of normality those two aggregates full describe the dis-
tribution. Even the MODE of a categorical variable is a crude summary of
the underlying distribution (i.e., the expected value). In the case of categori-
cal attributes, the distribution can be described by the likelihoods|the counts
for each value normalized by the bag size. So all these aggEgrs attempt to
characterize for each bag the distribution from which its vdues were drawn. Ul-
timately the classi cation model using such features triesto nd di erences in
the distributions.

In principle, each object has an associated distribution fom which the val-
ues are drawn. The methodology of estimating the likelihood for categorical
attributes is clear; however, estimating these distributions from a bag of cat-
egorical values of a high-cardinality attribute is problematic. The number of
parameters (likelihoods) for each distribution is equal tothe attribute's cardi-
nality minus one. Unless the bag of related entities is signcantly larger than the
cardinality, the estimated likelihoods will not be reliabl e: the number of param-
eters often will exceed the size of the ba§.We make the simplifying assumption
that all objects related to any positive target case were dravn from the same
distribution. We therefore only estimate two distribution s, rather than one for
each target case. A similar distinction has been made in traiional statistical
estimation.

4.2 A Relational Fixed-E ect Model

Statistical estimation contrasts random-e ect models from xed-e ect models
[14]. In a random-e ect model, model parameters are not assumetb be constant
but instead to be drawn from di erent distributions for die rent observations.
Estimating one distribution for each bag corresponds to a radom e ect model.

Our aggregates on the other hand implement a relationalxed-e ect model. We
assume one xed distribution for each of the two classes. Unelr this assumption
the number of parameters decreases by a factor af=2 wheren is the number
of training examples. More speci cally, the main assumptin for a relational

xed-e ect model is that all bags of objects related to positive target cases are
sampled from one distribution D; and all objects related to negative target
cases are drawn from another distributionD . Thus it may become possible to

5 The same problem of too few observations can arise for numerc attributes, if the
normality assumption is rejected and one tries to estimate arbitrary distributions
(e.g., through Gaussian mixture models).
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compute reliable estimates of reference distribution®; and Dy even in the case
of categorical attributes of high cardinality, by combining all bags related to
positive/negative cases to estimateD 1/ Dy.

Even with only two distributions it still is necessary to construct features for
the bag(s) of values related to each case. ACORA computes ttse with various
vector distances. Notably, the likelihood of observing a particular bag of values
assuming a class-conditional distribution from which they were independently
sampled can be seen as a particular vector distance (wheieranges over the set
of possible values for the bagged attribute):

1 Y B
LH (B;D¢) = QiDO[i]B[i]_,_QiDl[i]B[i] | Dcfi]®! (12)

For the particular choice of likelihood as the distance funtion, the relational
xed-e ect model can be given a theoretical foundation within a general rela-
tional Bayesian framework very similar to that of Flach and Lachiche ([L5],[16]).
In a relational context, a target object t; is not only described by its attributes,
but it also has an identi er (CID in our example) that maps int o bags of related
objects from di erent background tables. Starting with Bay es' rule one can ex-
press the probability of classc for a target object t; with a feature vector® and

a set of bags of related objects from di erent relationships(ti1;:::;tu; Ry, (tt);
iRy, (1)) as

P(city) = P(citer;::otus Ry (te)s 5 Ry (1) (13)

= P(ter; i tas R, ()10 Ry, (t)jo) - P(€)=P(ty): (14)

Making the assumption of class-conditional independencefahe attributes and
of the bags of related O\Pjects aIIow% rewriting the above exgssion as

P(gt) = P(tijc) P(Rr, (t)jc) P(0)=P(ty): (15)
i ]
Assuming that the elementst; in the a bag R, (t;) are drawn independently, we
can rewrite % f
P (R, (t)ic) = P(t;jo): (16)
tf 2R7; (t)
Assuming again class-conditional independence of the atitoutes t; of related
entities, we can nally estimate the class-conditional probability of a bag object
from the training data as
. Y Y -
P (R, (t)jc) = P (tjm Jo): 17)
t; 2R7; (tr) m
Switching the order of the product this term can be rewritten as a product over
all attributes over all samples: v v
P (Rr, (t)jc) = P (t]y, j0): (18)

f
m tim 2R7yy (tt)

6 Excluding the class label and the identi er.
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This non-normalized (not accounting for P (c) and P (t;)) probability P (Rt m (t)jc)
corresponds directly to our distance-based aggregate thaises the likelihood dis-
tance from equation12 between the case vectoB and D sinceD ;[O(V)] of value
v is an unbiased estimate of the class conditional probabilig P (vjc):

Y Y
D[O(t], 2P (], jo) ) D[i]? (12 P(th,j9  (19)
i th 2R7, (t0)

This derivation provides one theoretical justi cation for our more general frame-
work of using (multiple) vector distances in combination with class-conditional
distribution estimates. It also highlights the three inherent assumptions of the
approach: 1) class conditional independence between attsutes (and identi ers)
of the target cases, 2) class-conditional independence beeen related entities,
and 3) class conditional independence between the attribwgs of related objects.
Strong violations are likely to decrease the predictive peformance. It is straight-
forward to extend the expressiveness of ACORA to weaken therst assumption,
by (for example) combining pairs of feature values prior to agregation. The
second assumption, of random draws, is more fundamental to ggregation in
general and less easily addressed. Relaxing this assumpti@omes typically at
a price: modeling becomes increasingly prone to over ttingbecause the search
space expands rapidly. This calls for strong constraints onthe search space,
as are typically provided for ILP systems in the declarative language bias. We
discussed this tradeo previously [2] in the context of noisy domains.

4.3 Learning from Identi er Attributes

We show in our empirical results in Section5 the importance of including aggre-
gates of identi ers. The following discussion is a somewhatormal analysis of the
special properties of identi ers and why aggregates of idethers and in particular
additive distances like cosine can achieve such performaadmprovements.

We de ned identi ers as categorical attributes with a high ¢ ardinality. In our
example problem we have two such attributes: CID, the identier of customers,
and ISBN, the identi er of books. Considering the task of classifying customers
based on the target table T; clearly calls for the removal of the unique CID
attribute prior to model induction, because it cannot generalize. However, the
identi ers of related objects may be highly predictive out-of-sample (e.g., any-
body who has met with Bin Laden is very likely to be in involved in terrorist
activity), because they are shared across multiple target ases that are related
to the same objects (e.g., customers who bought the same bopkThe corre-
sponding increase in the e ective number of appearances ohe related-object
identi er attribute Ty , such as ISBN, allows the estimation of class-conditional
probabilities P (ty; jc).

Beyond the immediate relevance of particular identities (eg., Bin Laden),
identi er attributes have a special property: they represent implicitly all charac-
teristics of an object. Indeed, theidentity of a related object (such as Bin Laden)
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can be more important than any set of available attributes describing that ob-
ject. This has important implications for modeling: using identi er attributes
can overcome the limitations of class-conditional indepedence in Equation 16
and even permits learning from unobserved characteristics

An object identi er ty; like ISBN stands for all characteristics of the object.
If observed, these characteristics would appear in anothetable T, as attributes
(tm1; 2 tmn ). Technically, there exists a functional mapping’ F that maps the
identi er to a setof values: F (ti; ) ! (tm1; 3 tmn ). We can express the joint class-
conditional probability (without the independence assumption) of a particular
object feature-vector without the identi er attribute as t he sum of the class-
conditional probabilities of all objects f with the same feature vector:

X
P (tma; 5 tmn jO) = P(ty; i0) (20)
f2F (tg )=( tm 135t mn )

If F is an isomorphism (i.e., no two objects have the same featureector) the
sum disappears andP (tm1;::;tmn j©) = P(ty jc). Estimating P (ty jc) therefore
provides information about the joint probability of all its  attributes (tm1;::; tmn )-

A similar argument can be made for an unobserved attributet,, (e.g., mem-
bership in a terrorist organization). In particular it may b e the case that no at-
tribute of the object t; was observed and no tabley, was recorded, as is the case
for ISBN in our example. There is nevertheless the dependeycF Yty ) ! tmu,
for some function F©, and the relevant class-conditional probability is equal ©
the sum over all identi ers with the same (unobserved) value

X
P (tmy jO) = Pty jo): (21)
f IR O(t) )= tmu

Given that ty,, is not observable, it is impossible to decide which elementiselong
into the sum. If however t.,, is a perfect predictor|i.e. every value of tn, ap-
pears only for objects related to target cases of one clagfthe class-conditional
probability P(tfkj jc) will be non-zero for only one classc. In that case the con-
stricted sum in Equation 21 is equal to the total sum over the class-conditional
probabilities of all identi er values:
X - X -

P(tyic) = P(ty ic): (22)
fF O(tfkj )= tmu f

Note that the total sum over the class-conditional probabilities of all related
identi er values now equals the cosine distance betwee . and a special case
vector B2' that correspond to a bag containing all identi ers with valu e tp,
prior to normalization 8 is by vector length, since DC[O(tfkj )] is an estmiate of

7 This function F does not need to be known; it is su cient that it exists.

8 The e ect of normalization can be neglected, since the length of D is 1 and the
length of B is the same for both the class-conditional positive and class-conditional
negative cosine distances.
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P(t{(j jc) and B[O(tfkj )] is typically 1 or O for identi er attributes such as ISBN.

The cosine distance for a particular bagB!t is a biased estimate ofP (tmy jc)
since the bag will typically only consist of a subset of all icenti ers with value
9

tmu

cosing(Ds, ;B) = B} | D, [i1 By [i] (23)
So far we have assumed a perfect predictor attributeT,, . The overlap between
the two class conditional distributions D® and D* of the identi er is a measure
of the predictive power of T, and also how strongly the total sum in the cosine
distance deviates from the correct restricted sum in Equaton 21. The relation-
ship between the class-conditional probability of an unoberved attribute and
the cosine distance on the identi er may be the reason why thecosine distance
performs better than likelihood in the experiments in Secton 5.

Although this view is promising, issues remain. It often remains hard to
estimate P (ty; jc) due to the lack of su cient data (it is also much harder to
estimate the joint rather than a set of independent distributions). We often do
not want to estimate the entire joint distribution because the true concept is
an unknown class-conditional dependence between only a feattributes. Finally
the degree of overlap between the two class-conditional disbutions D® and D*
determines how e ectively we can learn from unobserved attibutes.

Nevertheless, the ability to account for identi ers throug h aggregation can
extend the expressive power signi cantly as shown empiriclly in Section 5. Iden-
ti ers have other interesting properties. They may often be the causeof relational
auto-correlation ([17]). Because a customer bought the rst part of the trilogy,
he now wants to read how the story continues. Given such a compt, we expect
to see auto-correlation between customers that are linkedhrough books.

In addition to the identi er proxying for all object charact eristics of imme-
diately related entities (e.g., the authors of a book), it also contains the implicit
information about all other objects linked to it (e.g., all t he other books writ-
ten by the same author). An identi er therefore introduces a \natural" Markov
barrier that reduces or eliminates the need to extend the se@h for related en-
tities further than to the direct neighbors. We present some evidence of this
phenomenon in Section5.3.

5 Empirical Results

We introduced distribution-based aggregates in order to castruct features for
relational domains where exploration of the relational stucture will yield bags of
values from categorical attributes of high cardinality. After introducing the ex-
perimental setup, Section5.3 presents the empirical evidence in support of our
main claims regarding the generalization performance of th new aggregates.
Then we present a sensitivity analysis of the factors in uerting the results (Sec-
tion 5.4).

® We underestimate P (tm, jC) as a function of the size of the bag. The smaller the bag,
the more elements of the sum are 0 and the larger the bias.
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Domain |Table: Size |Attribute Type Description Size

XOR T: 10000 C(tid)=10000, C(c)=2 Train8000
0O: 55000 |C(oid)=10000, C(tid)=10000 Test: 2000

AND T: 10000 C(tid)=10000, C(c)=2 Train8000
0: 55000 |C(0id)=10000, C(tid)=10000 Test: 2000

Fraud T: 100000 |C(tid)=100000 Train50000
R: 1551000 |C(tid)=100000, C(tid)=100000 Test: 50000

KDD T: 59600 C(tid)=59600, C(c)=2 Train8000
TR: 146800 |C(0id)=490, C(tid)=59600 Test: 2000

IPO T: 2790 C(tid)=2790, C(e)=6, C(sic)=415, C(c)=2 Train2000

D(d,s,p,n)= R Test: 800

H: 3650 C(tid)=2790, C(bid)=490
U: 2700 C(tid)=2790, C(bid)=490

COOC |T: 1860 C(tid)=1860 C(c)=2 Train1000
R: 50600 C(tid)=1860 C(tid)=1860 Test: 800

CORA |T: 4200 C(tid)=4200, C(c)=2 Train3000
A: 9300 C(tid)=4200, C(aid)=4000 Test: 1000
R: 91000  |C(tid)=4200, C(tid)=35000

EBook |T: 19000 C(tid)=19000, C(c,b,m,k)=2, D(a,y,e)= R Train8000
TR: 54500 |C(0id)=22800, C(tid)=19000, D(p)= R, C(c)=5 |Test: 2000

Table 5. Summary of the properties of the eight domains, including th e tables, their

sizes, their attributes, types, and the training and test si zes used in the main experi-
ments. C(y) is the cardinality of a categorical attributes a nd D(y)= R identi es humeric
attributes.

5.1 Domains

Our experiments are based on eight relational domains that ee described in
more detail in the Appendix. They are typical transaction or networked-entity
domains with predominantly categorical attributes of high cardinality. The rst
two domains (XOR and AND) are articial, and were designed to illustrate
simple cases where the concepts are based on (combination§ anobserved at-
tributes. Variations of these domains are also used for the ensitivity analysis
later. Fraud is also a synthetic domain, designed to represd a real-world prob-
lem (telecommunications fraud detection), where target-dject identi ers (par-
ticular telephone numbers) have been used in practice for elsi cation [13][18].
The remaining domains include data from real-world domainsthat satisfy the
criteria of having interconnected entities. An overview of the number of tables,
the number of objects, and the attribute types is given in Table 5. The equality
relation of the types is implied by identical attribute names.

5.2 Methodology

Our main objective is to demonstrate that distribution-based vector distances
for aggregation generalize when simple aggregates likd ODE or COUNTS
for all values are inapplicable or inadequate. In order to povide a solid baseline
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we extend these simple aggregates slightly for use in the psence of attributes
with high cardinality: ACORA constructs COUNTS for the 10 most common
values (an extendedM ODE ) and counts for all values if the number of distinct
values is at most 50 as suggested by Krogel and Wrobel §]. ACORA generally
includes an attribute representing the bag size as well as hbriginal attributes

from the target table.

Feature construction:  Table 6 summarizes the di erent aggregation methods.
ACORA uses 50% of the training set for the estimation of classconditional ref-
erence vectors and the other 50% for model estimation. The nuel estimation
cannot be done on the same data set that was used for construoh, since the use
of the target during construction would lead to overestimation of the predictive
performance. We also include distances from bags to the uneditional distribu-
tion (estimates calculated on the full training set). Unless otherwise noted, for
the experiments the stopping criterion for the exploration is depth = 1, mean-
ing for these domains that each background table is used onc&he cuto for
identi er attributes |yn Wwas set to 400.

Model estimation:  We use WEKA's logistic regression 8] to estimate proba-
bilities of class membership from all features. Using decisn trees (including the
di erences of distances as suggested in Sectidh.3) did not change the relative
performance between di erent aggregation methods signi @antly, but generally
performed worse than logistic regression. We did not use feéare selection for
the presented results; feature selection did not change theelative performance,
since for these domains the number of constructed featuresemains relatively
small.

Evaluation: The generalization performance is evaluated in terms of thearea
under the ROC curve (AUC) [20]. All results represent out-of-sample general-
ization performance on test sets averaged over 10 runs. Thebgects in the target

table are for each run split randomly into a training set and a test set (cf., Ta-

ble 5). We show error bars of one standard deviation in the gures and include

the standard deviation in the tables in parentheses.

5.3 Main Results

We now analyze the relative generalization performance of icerent aggregation
operators. Our main claim that class-conditional, distribution-based aggregates
add generalization power to classi cation modeling with high-dimensional cat-
egorical variables was motivated by four arguments that areconsidered in the
sequel:

{ Target-dependent aggregates such as vector distances toasls-conditional
reference vectors exhibit task-speci ¢ similarity;

{ The task-speci ¢ similarity improves generalization performance;

{ Aggregating based on vector distances condenses discrinaitive information
from identi er attributes;

{ The use of multiple aggregate operators for the same bag impwes general-
ization performance.
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Method

Description

COUNTS

MCC

MDC

ACORA constructs count features for all possible categoric al values if
the number of values is less than 50. In particular this exclu des all key|
attributes.

Counts for the 10 most common categorical values (values with largest
entries in unconditional reference bag B ). MCC can be applied to all
categorical attributes including identi ers.

Counts for the 10 most discriminative categorical values (Section 3.1)
de ned as the values with the largest absolute dierence in t he vector
B! B° MDC can be applied to all categorical attributes including
identi ers.

Cosine
Mahalanobis
Euclidean
Likelihood

Cosine(D*;B'), Cosine(DY;B™)
Mahalanobis(B*; B't), Mahalanobis(B°; B!t)
Euclidean(B';B "), Euclidean(B°;B't)
Likelihood(D?*;B "), Likelihood( D%;B ')

UCVD

All unconditional distances:

Cosine(D ;B't), Mahalanobis(D ;B't), Euclidean(D ;B't),
Likelihood(D ;B't)

All class-conditional distances:

Cosine(D*;B't), Cosine(D?;B't), Euclidean(D*; B ),

Euclidean(D?; B't), Mahalanobis(D?*; B't), Mahalanobis(D°; B '),
Likelihood(D?;B!), Likelihood( D%;B't)

All di erences of class-conditional distances:

Cosine(D'; B't) { Cosine(D?;B"),

Mahalanobis(D?*; B!t) { Mahalanobis( D%;B't),

Euclidean(D?*; B't) { Euclidean( D%;B"),

Likelihood(D?*; B'){ Likelihood( D°;B')

Table 6. Summary of aggregation operators used in the experiments, gouped by
type: counts for particular categorical values, di erent v ector distances, combinations
of vector distances to conditional or unconditional refere nce distributions where t;
denotes a target case.

CCVD

DCCVD

Task-Speci ¢ Similarity We argued in Section2.1 that task-speci ¢ aggre-
gates have the potential to identify discriminative inform ation because they ex-
hibit task-speci ¢ similarity (making positive instances of related bags similar
to each other). Figure 6 shows for the XOR problem the two-dimensional in-
stance space de ned by using as attributes two class-condibnal aggregations of
identi ers of related entities: the cosine distance to the positive distribution and
the cosine distance to the negative distribution. Although the positive target
objects each had a di erent bag of identi ers, using the congructed attributes
the positive objects are similar to each other (left-upper ralf) and the negative
are similar to each other (right-lower half).

Importantly, it also is clear from the gure that although po sitive target cases
have on average a larger cosine distance to the positive clesonditional distri-
bution (they are mostly on the left side of the plot) than negative cases, only
the combination of both features becomes very discriminatie between the two
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Fig. 6. In the left plot, the two-dimensional feature space (XOR dom ain) of the class-
conditional cosine distances for the identi ers of related entities shows high instance-
discriminability (di erent target cases are assigned unigq ue points in this space) and
task-speci ¢ similarity, where negative cases are grouped on the lower right of the
identity line and positive target cases on the upper right. T his similarity leads to a
high class-discriminability using the identity line as dec ision boundary. In the right
plot, after a transformation of the feature space that takes the dierence between
class-conditional cosine distances, the distribution of the new feature shows a good
class separation. This transformation is of particular val ue for model induction using
decision trees, which make axis-parallel splits, and for feature selection in order to
ensure that the joint predictive information of both distan ces is preserved.

classes. In fact, there is an approximate linear decision hadary (the diagonal),
which implies that logistic regression would be a good choi for model induc-
tion. For a decision tree, with axis-parallel splits, the di erence between the two
distances is a better feature. Figure6 shows on the right the distribution of the
di erences for cases of both classes with an optimal splitihg point around zero.
This explains the better performance we will see later of a desion tree using
DCCVD in Figure 9 over the individual positive and negative distances CCVD.

Figure 7 on the other hand shows the feature space of unconditional gne
and Euclidean distances. These task-independent featuredo not provide dis-
criminative information. Positive and negative cases are nxed, and in particular
are not more similar to each other than to cases of the opposit class.

Comparative Generalization Performance We now show that the use of
aggregations based on distributional meta-data adds genatization power over
traditional aggregations (and our extensions to the traditional methods). Ta-
ble 7 presents the generalization performance (AUC) of the di erent aggrega-
tion strategies across all domains. First, consider the send and third columns.
These correspond to the (extended) traditional aggregatios: value-count fea-
tures (COUNTS) and most-common-value features (MCC). Becase of the high
dimensionality of the categorical attributes, COUNTS features simply are inap-
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Fig. 7. The two-dimensional feature space of the unconditional cosine and Euclidean
distances still shows high instance-discriminability, bu t lacks task-speci ¢ similarity.
Positive cases are as similar to negative cases as they are tother positive cases. As a
result these features have no discriminative power.

plicable in most of the domains. (Entries with a * denote cass where a COUNTS
aggregation was not applicable because all categorical atbutes had too many

distinct values and no features were constructed.) For IPOthe AUC neverthe-

less is greater than 0.5 because in this domain the target tdb had attributes for

propositional modeling. Ebook is the only domain where COUN'S aggregates
are applicable and add generalizability.

The fourth through sixth columns correspond to the construdion of di er-
ent sorts of distribution-based aggregations (respectiviy, unconditional, class-
conditional, and most-discriminative counts). For all domains the aggregation
of high-dimensional categorical attributes using class-gnditional distributions
(CCVD) leads to models with relatively high generalization performance (AUC
scores between 0.78 and 0.97). In all but one case (the tie witMDC on IPO) the
features based on class-conditional distributions perfan better|often signi -
cantly better|than those based on unconditional distribut ions and those based
on most-discriminative counts. Finally, combining MDC and CCVD (reported
in the seventh column) improved the performance over CCVD oty slightly on
three domains (COOC, EBook and IPO).

Recall the two main components of the design of the CCVD aggrmgations:
their task-speci c (class-conditional) nature and their incorporation of infor-
mation from many values (using distribution distances). The consistently supe-
rior performance of class-conditional distribution distances over unconditional
distribution distances highlights the importance of task-speci c aggregation,
which also is seen clearly in the often-improved performane of counts of most-
discriminative values (MDC) over counts of most common valies (MCC). The
consistently superior performance of CCVD over MDC highlights the importance
of considering the entire distributions, more fully satisfying the design principles.
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Domain [|[COUNTS MCC UCVvD CCVD MDC MDC&CCVD
XOR 0.5% 0.51 (0.004)[[0.62 (0.02) [0.92 (0.008)[0.51 (0.004)[0.92 (0.008)
AND 0.5* 0.52 (0.012)[|0.65 (0.02) |0.92 (0.006)[0.52 (0.007)[0.92 (0.05)
Kohavi ||0.5* 0.71 (0.022)[[0.72 (0.024)[0.85 (0.025)[0.84 (0.044)[0.85 (0.025)
IPO 0.70* (0.023)]0.77 (0.02) |[0.75 (0.021)[0.79 (0.03) |0.79 (0.003)[0.82 (0.01)
CORA ||0.5* 0.74 (0.018)[|0.67 (0.008)[0.97 (0.003)[0.76 (0.008)[0.97 (0.006)
COOC ||0.5* 0.63 (0.016)[|0.57 (0.017){0.78 (0.02) |0.63 (0.02) |0.80 (0.04)
EBook ||0.716 (0.024)0.79 (0.011)[[0.88 (0.015)[0.95 (0.024)[0.94 (0.018)[0.96 (0.013)
Fraud  |[0.5* 0.49 (0.005)||0.74 (0.020)[0.87 (0.028)[0.51 (0.006)[0.87 (0.021)

Table 7. Comparison of generalization performance (AUC) for diere nt aggrega-
tion strategies (see Table 6 for a description). Entries with * denote cases where the
COUNTS aggregation was not applicable because all categorcal attributes had too
many distinct values. The standard deviation across 10 experiments is included in
parenthesis.

For the arti cial domains and the synthetic fraud domain, neither type of
most-common count (MCC nor MDC) provides any predictive power. This will
be explained in Section5.4. For the COOC domain, on the other hand, the most
common tickers related to technology rms and the most disciminative tickers
related to technology rms happen to be the same: GE, MSFT, CEO, IBM,
AOL, INTC, ORCL, AMD, LU, SUNW.

Learning from Identi er Attributes In our collection of domains, identi ers
are the main source of information. The only domain with reladed entities with
additional information besides the identi er is EBook. Table 7 not only shows
the superiority of feature construction based on class-caditional distributions,
but also that it is commonly possible to build highly predictive relational mod-
els from identi ers. To our knowledge, this has not been show before in any
comprehensive study. It is important because identi ers ofen are used only to
identify relationships between entities but not directly as features when building
predictive models.

We argue in Section4.3that identi ers can allow learning from concepts that
violate class-conditional independence and from unobseed properties. Our re-
sults provide some support for this claim. In the synthetic domains AND and
XOR the true concept was a function of two \unobserved" attri butes x, y. There-
fore that AUC = 0 :92 for CCVD for both AND and XOR strongly supports the
claim that aggregating identi ers allows learning from unobserved attributes.
Even if the the values are provided, these domains violate th model's assump-
tion of class-conditional independence. Consider in addion to the performances
in Table 7 the performance of COUNTS if the two attributes x and y were in-
cluded: 0.5 for XOR and 0.97 for AND. For XOR the independent information
about the bags ofx's and y's is not at all informative about the class. For AND
on the other hand, observing a large number of 1's fox and also a large number
of 1's for y increases the probability that the majority of related entities have
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both x =1 and y =1 (the true concept). The XOR domain provides an example
where the aggregation of identi er attributes mitigates th e e ect of violations of
class-conditional independence.

For further evidence we examine the Fraud domain. The underling con-
cept is that fraudulent accounts call numbers that were prevously called by
(now known) fraudulent accounts. A model should perform wel if it identi-
es accounts that have two-hop-away fraudulent neighbors.Therefore, ACORA
should construct a feature at search depth two, aggregatinghe class labels of
those entities. However, so far we have restricted the seahcto depth 1. The
results in Table 7 therefore indicate that it is possible to classify fraud already
from the direct neighbors|similar to the \dialed-digit* mo nitor reported as a
state-of-the-art fraud detection method [13]. Exploring the two-hop-away neigh-
bors and their class labels increases the ranking performae only minimally|to
0.89 compared to 0.87. This suggests that identi ers proxy ot only for the (per-
haps latent) properties of the object, but also for the other objects to which it
is related. We now investigate this further.

Even if the identi ers capture properties of further relate d entities, it may
still be of advantage to explore beyond depth 1 explicitly. The search may 1)
nd attributes that drive the underlying concept directly ( e.g., the fraud label
of two-hop-away accounts) and 2) improve the quality of the etimated class-
conditional distributions. For (2), if paths comprise sequences of one-to-many
relationships, as in the fraud case, the average bag size (exage number of
phone calls) increases with every new join. In the fraud domia, the branching
factor of 20 implies an average of 400 two-hop-away connecins for each target
case. The estimation of the 100000 parameters of the distriltions will be better
from a total of 400*25000 (25000 is half of training size) \e ective" data points
than from 20*25000. On the other hand, the discriminative paver (di erence
between the two class-conditional distributions) will deaease with the number
of joins; eventually all target objects (positive and negatve) are related to all
entities.

Figures 8 show the ranking performance of class-conditional cosineistances
as a function of the number of joins for two di erent training sizes on the CORA
and IPO domains. The quality of the estimates of the distributions should be
lower for small training sizes and might therefore prot more from a deeper
exploration. Indeed, for the IPO domain with the smaller training size, deeper
exploration helps. This suggests that the estimates of the tributions improve
with a larger e ective number of cases (in particular, sincethe average number
of related entities in the joins of the rst level was only 2; see Table11). However,
for all other cases we see the performance atten out after 2d 4 joins (depth=1
or 2), supporting the claim that the identi ers capture info rmation not only of
the entity itself, but also of related entities and in partic ular of their class labels.

Use of Multiple Aggregates In Section 2.1 we advocated the use of multiple
aggregates to capture dierent notions of similarity. Figure 6 in Section 5.3
already shows the importance of using cosine distances botto the positive
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Fig. 8. Ranking performance (AUC) on the CORA (left) and IPO (right)  domains
as a function of the number of joins for two dierent training sizes (400 and 3000).
Beyond depth=1 (see Figure 5) no new discriminative information is found for CORA,
because the depth-one identi er attributes capture inform ation about all objects related
further away. For IPO, the maximum performance is reached on the big dataset after
4 joins (corresponding to depth=2). The smaller training si ze shows performance gains
for further joins mostly due to improvements of the quality o f the estimates of the
class-conditional distributions, because larger search depth increases the bag size and
thereby the e ective number of observations.

and to the negative distribution. They capture orthogonal information that in
combination is more discriminative than the two individual distances.

Table 8 compares the individual performances of di erence distane measures
as well as their combined performance. Importantly, combirng all distances in
CCVD improves only marginally over cosine on the IPO, Fraud,and CORA do-
mains, and even hurts slightly for COOC. Cosine performs almst consistently
best with the exception of the Fraud domain where Mahalanob$ and Euclidean
are slightly better. The Euclidean distance is often compeitive, with the excep-
tions of KDD and COOC. The Mahalanobis distance has good redls for Fraud
and EBook, but is otherwise dominated by cosine and Euclidea.

Likelihood performs acceptably on the IPO domain (it improves over the
propositional performance of 0.7 using only the attributesin the root table),
but fails on the other domains. This might be caused by the interently additive
nature of Equations 20 and 21, or by the fact that even for the relational xed-
e ect model many identi ers appear in only one bag of related (training) entities
and the class-conditional estimate is therefore 0 and requés some correction
(e.g., Laplace). Large numbers of corrected entries that radomly appeared for
one class or the other obscure the true signal. Another semdic property of
likelihood is that it considers only occurrences of values as evidence, but not
the fact that a value did not occur (which are used as evidencdor the other
distance measures). Likelihood also tends to produce prolidlities that are biased
strongly towards 0 or 1 as the size of the bag increases, due the violation of
the independence assumption. This does not a ect the classiation accurracy
but may harm the ranking performance as measured by AUC.
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Domain |Cosine Mahalanobis |Euclidean |Likelihood |CCVD

XOR 0.91 (0.011)[0.87 (0.014) [0.92 (0.012)[0.75 (0.02) |0.92 (0.008)
AND 0.92 (0.018)/0.68 (0.02) 0.91 (0.026)[0.63 (0.02) |0.92 (0.006),
KDD 0.85 (0.026)|0.65 (0.03)  |0.77 (0.029){0.59 (0.05) |0.85 (0.025)
CORA |0.96 (0.004)[0.89 (0.008) |0.91 (0.015)0.52 (0.03) |0.97 (0.006)
IPO 0.77 (0.01) |0.74 (0.027) |0.77 (0.012)|0.74 (0.025)|0.79 (0.03)
COOC {0.80 (0.013){0.61 (0.013) |0.70 (0.021)[0.53 (0.025)|0.78 (0.018)
EBook |0.95 (0.026)/0.94 (0.018) |0.92 (0.016)[0.67 (0.032)(0.96 (0.025)
Fraud |0.84 (0.019)0.87 (0.021) |0.88 (0.018)[0.62 (0.026)0.87 (0.010)

Table 8. Comparison of generalization performance (AUC) for diere nt vector dis-
tance measures (see Tables for further description). The standard deviation across 10
expriments is included in parenthesis.

Finally, Figure 9 shows learning curves for a decision tree on the IPO domain
for di erent distribution distance aggregates with a larger exploration depth (2)
than the experiments in Table 7. The curves show that taking the di erence
(DCCVD) between the positive and negative distances perfoms better than
using them separately (CCVD). The reason is the linear deci®n boundary in
the feature space as shown in SectioB.3.

In summary, there is no single best distance measure, but co®e performs
well most consistently. Using multiple vector-distance measures at best improves
the performance only marginally over the best distance, butis a very consistent
top-performer (even more so than cosine). Note that adding ttance measures
multiplies the number of constructed features, which may hut generalization
performance especially in domains with many attributes. Ircluding counts for
most discriminative values (MDC in Table 7) improves over using only vector
distances in some domains (IPO, COOC, and EBook), but only mnimally. The
use of both positive and negative cosine distances (as donerfall distances in
the Table 8) almost always improves the ranking results (not shown herg as
argued previously in Section5.3.

Re ecting on our design principles, the experimental evidece supports the
conclusion that the good ranking performance across the efy domains is due
mostly to the combination of target-speci city and instance discriminability,
while maintaining a low dimensionality. MDC also reduces dmensionality (al-
though not as strongly) and is target-speci c, but instance discriminability is
lower than for cosine distance. The other principle of usingmultiple aggregates
with di erent similarities seems to be helpful, but less important.

5.4 Sensitivity Analysis

There are several properties of domains that have the poternal to a ect the
ability of distribution-based aggregations to capture discriminative information.
In particular, noise in class labels, the number and connedtity distribution of
related objects, and the amount of data available. We now preent several brief
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Fig. 9. Ranking ability (AUC) as a function of training size of dier ent reference distri-
butions (counts, unconditional, conditional, conditiona | di erence) on the IPO domain
using a decision tree for model induction (standard deviati on across 10 experiments is
included). The advantage of taking di erences DCCVD over CC VD for decision trees
(see Section5.3) is caused by the restriction to axis-parallel splits.

studies illustrating limitations on the applicability of t he methods (as well as
areas of superior performance).

Noise By class noise we mean that the target classes are not known thiperfect
accuracy. Class noise will disrupt the accurate estimatiorof the class-conditional
distributions, and therefore may be suspected to lead to degded performance.
For example, consider the use of identi ers to stand in for urobserved attributes
(as argued above). In the presence of class noise, using thdenti ers may per-
form considerably worse than if the attributes had been knowm|because the
dimensionality of the unobserved attributes is much smalle and therefore there
are fewer parameters to estimate from the noisy data.

We can illustrate this with the AND domain. Recall that from t he discussion
of the identi er attributes above, aggregation based on COUNTS considering x
and y values of related entities performed very well AUC = 0:97). Aggregation
using only the identi ers of related attributes (using CCVD ) did not perform
quite as well (AUC = 0:92), but nevertheless performed remarkably given that
x and y were hidden. Now, consider how these results change as inasng
class noise is present. The left plot in Figurel0 compares the sensitivity of
CCVD and COUNTS to class-noise as a function of the noise levg p percent
of both training and test class labels are reassigned randoiy from a uniform
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Fig.10. Performance degradation for the AND domain as a function of t he amount
of 0/1 class noise. In the left plot both training and test set s were corrupted; the right

plot shows results using a noisy training set and clean test set, as a measure of the
ability to recover the true concept.

distribution). Both aggregation methods appear to be equaly noise sensitive:
the performance degradations track closely.

However, such a performance reduction has two components.ist, the abil-
ity of the learner to recognize the underlying concept dimirishes. Second, with
increasing noise, the class labels in the test set are increimgly unpredictable.
These e ects can be separated by running the same experimenexcept test-
ing on uncorrupted (noise-free) data. The right plot of Figure 10 shows that
COUNTS (provided x andy) indeed are able to learn the original concept with
only minor degradation, despite up to 40% class noise. CCVD mthe other hand
shows a signi cant drop in performance (although somewhat ¢ss than before
on the noisy test data). For COUNTS, even if 40% of the labels & potentially
distorted, the other 60% still provide su cient informatio n to recognize the con-
cept that larger counts of x and y are associated with positive class labels. The
COUNTS aggregation can combine information aboutx and y from all bags and
therefore is not very sensitive to the random variations.

On the other hand, for CCVD every bag contains information about a di er-
ent set of identi ers. Each identi er appears only a few times, so the estimates
of the class-conditional distributions are subject to sign cant variance errors.
When using the identi ers as the predictors, noise in the clas labels acts like
noise in the predictors themselves; however, the's and y's remain clean. In
contrast, if attribute noise (misrecorded values ok andy) is present, we would
expect the aggregates of identi er attributes to fare better. Indeed, Figure 11
shows that attribute noise a ects only the COUNTS aggregates since CCVD
does not use the noisy observations af andy.

We have no rm basis to say which type of noise is more likely udler what
circumstances, but in cases where reliable attribute valug are hard to get (e.g.,
because they are distorted, as with illegal activities) disribution-based aggre-
gates can be a better choice. For example, for commercial feal, it is often much
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Fig.11. Performance sensitivity on the AND domain to attribute reco rding noise for
related entities. Since CCVD does not use the values ofx and y (unobserved properties)
it shows no performance decrease.

less costly to obscure attributes than to change identitiesfrequently. Learning

from identi ers does not require that the identity be true (e .g., that Peter Wor-

thington is really Peter Worthington), but only that multip le actions can be
related to the same person.

Domain |1st 2nd |3rd 4th 5th Min Appearance
XOR 1 [0.00820.00760.0076 [0.00750.007535

XOR 2 (0.17120.07540.0567 |0.0567/0.050017

XOR 3 |0.55330.1387/0.0942 [0.0757/0.07058

XOR 4 ]0.99090.18590.012580.09450.07735

Table 9. Measures of the skewedness (di erences in the likelihood ofa entity to be
related to some target case) of the relationship patterns: counts of the 5 most common
values normalized by the number of target cases and the non-rormalized count of the
least common value. A uniform distribution (XOR 1) has low co unts for the most
common and a high count for the least common. As the skew increases (largest for
XOR 4) the most common appearances increase and the least cormon decrease.

Relationship Patterns
based aggregation methods is the pattern of relationships mong entities. For
example, for AND and XOR, uniform distributions were used to assign related
entities to target entities (each potentially related entity is equally likely to be
chosen). In real-world domains (as we see in ours), it is oftethe case that the

Another potential point of sensitivity of the distribution -
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linkages are skewed|both that the degrees of nodes vary widdy, and also that
there is preferential attachment to particular entities (e.g., hubs on the Web).

To investigate sensitivity to skew, we simulate new versios of the XOR task
with di erent skews of the relation distributions. Technic ally, skew (the third
moment of a distribution) is only well de ned for numeric dis tributions as a
measure of symmetry. There is no symmetry for categorical ditributions due to
the lack of order. Thus, when we speak of a skewed relation digbution we mean
that the probability of an entity to be related to some partic ular target case can
di er signi cantly across entities. Unfortunately this ca nnot be quanti ed easily
as in the numeric case of a third moment. Table9 quanti es the skew of four
di erent relation distributions in terms of the numbers of o ccurrences of the
5 most commonly related entities, normalized by the number 6 target objects
(10000). The last column shows how often the least common vaé appeared. As
the skew increases, the values for the 5 most common entitigacrease and the
value of the least common appearance decreases. XOR1 repeets the uniform
distribution; XOR 4 is extremely skewed (99% of the target caes are linked to
the most-common object). Table 10 compares the performances of the various
aggregations on XOR1 and XOR4. For the strongly skewed datagarlier com-
parative conclusions remain the same with the exception of wrse performance
of the class-conditional distributions (CCVD), much better performance of the
most discriminative values (MDC), and a strong relative improvement of com-
bining the two. The performance of the combination is drivenby the predictive
information captured in MDC.

Domain |[COUNTS [MCC UCvD CCVD MDC MDC&CCVD

XOR 1 |0.50 (0.018)[0.51 (0.02)[0.62 (0.02) |0.92 (0.008)[0.51 (0.004)[0.92 (0.008)

XOR 4 |0.51 (0.02) |0.49 (0.04)[0.71 (0.012)|0.78 (0.007)|0.75 (0.011)[0.86 (0.007)

Table 10. Ranking performance (AUC) on the XOR domain for uniform dist ribution
(XOR 1) and highly skewed distribution (XOR 4), including st andard deviations across
10 experiments.

The reason for the improvement of MDC is the large overlap of &ew related
entities. There are a few discriminative values (identi ers of particular objects
with or without the XOR) that due to the skew appear in many tra ining and
generalization bags. For a uniform distribution, the classconditional information
for a particular value only provides information for a very small set of test cases
that are also related to this value. The reduced performanceof CCVD is a
combination of two e ects, the training size and the skew. Figure 12 shows the
e ects of the distribution of the related objects as a function of the skew (see
Table 9) and the training size (XOR 1 is uniform and higher distribut ions have a
stronger skew; see also the code in the Appendix wekis the skew parameter).

Observe the interesting pattern: for stronger skew, we seefdoetter compara-
tive performance for small training sizes, but (relatively) worse performance for
large training sizes. The learning curves range from a steegain for the no-skew
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Fig.12. Interaction e ect of skew of relationship distribution and training size on

ranking performance for the XOR domain. A stronger skew prov ides more useful in-

formation early, but the marginal value of additional train ing examples is lower.

uniform distribution to an almost at learning curve for hig hly skewed relation
distributions. The reason for this pattern is the di erence in the amount of useful
information available to the attribute construction proce ss. With strong skew,
even small training sets are su cient to capture the information of the common
related entities. This information is also very predictive for the test cases since
they also are dominantly related to these same entities. Hoever, as the training
size increases little new information becomes available aut the less-often re-
lated entities (because the skew works both ways). With enogh training data,
a uniform distribution provides in total more information b ecause the marginal
information for each additional training case is larger (cf, the Min Appearance
column in Table 9). The relatively low performance (compared with the uniform
case) for XOR4 of CCVD in Table 10 is a result of the large training size in
combination with a high skew.

Domain Characterization The results in Table 7 use a large portion of the
domain for training. The training size is of particular concern for aggregation
based on distributional meta-data because of the large numér of parameters
to be estimated for the class-conditional distributions, and also because only
part of the training data can be used for model induction and the rest must be
reserved for estimating these parameters. The number of pameters is equal to
the number of distinct values, for our domains: 10000 for XORand AND, 490 for
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KDD, 490 for IPO, 35000 for CORA, and 1860 for COOC. We now willexamine
generalization performance with very small training sets 50 examples).

Domain |1st Min Appearance |Prior 1 |Bag Size |AUC
Fraud  |0.00051:666 0.01 20 0.48
XOR 1 |0.008235 0.4 5 0.60
AND 0.0080 35 0.1 5 0.65
KDD 0.06091:14 0.06 3 0.74
IPO 0.13521:192 0.55 2 0.74
Cooc 0.183 |1:616 0.27 26 0.78
Ebook |0.16 |[1:5854 0.06 28 0.84
CORA |0.07751:21460 0.32 20 0.90

Table 11. Performance (AUC) using cosine distance with small trainin g sets (250
examples) as an interaction e ect of skew (1st and Min Appear ance, and where the
latter equals 1 the number of values that appeared only once), unconditional prior of
class 1, and average bag size.

Besides the amount of training data, there are various othercharacteristics
of learning tasks that are important for assessing the apptability of di erent
learning techniques, such as inherent discriminability, he number of features, the
skew of the marginal class distribution (the class \prior"), and others R1],[22].
Relational domains have additional characteristics; paricularly important in our
case are two: the skew in the relationship distribution and he average size of
bags of related values. We already have shown that a strong skv can improve
performance with small training sets. The size of the bags dermines the number
of e ective observations for the estimation of P(tjqjc). Also directly important
is the marginal class distribution, which determines the rdative quality of the
estimated positive and negative class-conditional disttbutions. For example, if
only 1 percent of the target cases are positive, very few obseations are available
for P(tigj1) and many for P(tiqjO); such class skew can be problematic if the
minority class is much better de ned (\customers who ...") t han the majority
class (\everyone else"), as is often the case.

Table 11 presents these three factors for all eight domains, and theanking
performance (AUC) with small training sets (250 training cases) using class-
conditional cosine distances. The rst two columns measurethe skew: as the
skew increases, the number of occurrences of the most commgmappearing value
increases and the number of occurrences of the least commoanlue decreases.
For domains where the least common value appeared only onceje also include
the number of distinct values that appear only once (after the colon). The table
rows are ordered by increasing generalization performance

We infer that the excellent performance on the CORA domain isa result
of a relatively high prior (0.32), large bags (average of 20and strong relation
skew. Of the total of 35000 possible values, 21460 appear imly one bag|
the estimate of P (tiqjc) for these values therefore is irrelevant, and the e ective
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number of parameters to be estimated is much lower than 350Q0n particular

the number of distinct values that appear in at least 10 bags $ only 1169. The
Ebook domain although having a much lower prior has good sméfraining-size
performance due to a strong skew and large bags (in additiona a high inherent
discriminability, as shown by the impressive results on thelarge training set in
Table 7). AND and XOR su er mostly from the uniform distribution of r elated
objects as shown in Sectiorb.4 in addition to a small bag size. The lowest small-
training-size performance is in the Fraud domain: the modeldoes not provide
any ranking ability at all. The reason is the combination of a very low prior of

only 1 percent and a uniform distribution (by construction) .

The upshot of these sensitivity analyses is a clari cation d the conditions un-
der which the attributes constructed based on vector distarces to class-conditional
distributions will be more or less e ective. The class skewthe relationship skew,
and the amount of training data a ect whether there will be enough (e ective)
training cases to estimate the class-conditional distribtions accurately. Addi-
tionally, the relationship skew determines how important it will be to estimate
the class-conditional distributions well (in the presenceof techniques like MDC,
which get more e ective with stronger relation skew).

5.5 Comparison to Other Relational Learners

We do not report a comprehensive study comparing ACORA to a wie variety

of statistical relational modeling approaches (e.g., 23] [24] [25] [2€]). This paper

focuses on novel aggregation methods; ACORA is a vehicle faapplying and

studying these methods. We conjecture that these new aggredors ought to im-

prove other relational learners as well. Indeed, except fothe methods (such as
PRMs) that include collective inferencing, ACORA is capable of approximating

the other methods through appropriate choices of aggregats and model induc-
tion methods. They all follow a transformation approach that constructs features
from the relational representation and then induces a propaitional model from

the new features. There are, of course, exceptions. For exgte, REGGLAGS

[4] would be outside of ACORA's expressive power since it comibies Boolean
conditions and aggregation and can form more complex aggregjons (cf., Perlich

and Provost's hierarchy of aggregation complexity ]).

More importantly, the domains used in this paper (with the exception of
IPO and EBooks) simply are not suitable for any of the above sgtems. To
our knowledge, none has the ability to aggregate high-dimesional categorical
attributes automatcally, and without those attributes onl y propositional data
and known class labels remain.

It is possible to compare classi cation accuracy with logicbased systems
such as FOIL, but the problem remains: such systems requirette identi cation of
constants that may be used for equality tests in the model. Wihout the identi er
attributes, they also have no information except for the fewattributes in EBook
and IPO. To illustrate, we compare (on the IPO domain) ACORA t o four logic-
based relational learners (FOIL R7], TILDE [ 28], Lime [29], and Progol [30)).
Since ILP systems typically (with the exception of TILDE) on ly predict the class,
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not the probability of class membership, we compare in Tablel2 the accuracy as
a function of training size. We also include as a reference pat the classi cation
performance of a propositional logistic model without any kackground knowledge
(NO). ACORA uses a stopping criteria of depth = 3 and logistic regression for
model induction.

We selected four ILP methods: FOIL 7] uses a top-down, separate-and-
conquer strategy adding literals to the originally empty clause until a minimum
accuracy is achieved. TILDE PR§] learns a relational decision tree using FOL
clauses in the nodes to split the data. Lime 29 is a top-down ILP system
that uses Bayesian criteria to select literals. Progol 80] learns a set of clauses
following a bottom-up approach that generalizes the trainng examples. We did
not provide any additional (intentional) background knowl edge beyond the facts
in the database. We supplied declarative language bias for [LDE, Lime, and
Progol (as required). For these results, the banks were not llowed as model
constants.

Size| NO |FOIL |TILDE |Lime |Progol |CCVD
250/0.649| 0.645 0.646/ 0.568 0.594 0.713
500/0.650| 0.664| 0.628 0.563 0.558 0.78
10000.662 0.658 0.630| 0.530 0.530 0.79
20000.681| 0.671] 0.650/ 0.512 0.541 0.79
Table 12. Accuracy comparison with logic-based relational classi e rs (FOIL, Tilde,
Lime, Progol), target features (TF), and using no relationa | information (NO) as a
function of training size.

The results in Table 12 demonstrate that the logic-based systems simply
are not applicable to this domain. The class-conditional dstribution features
(CCVD) improve substantially over using no relational information at all (NO),
so there indeed is important relational information to condder. The ILP systems
FOIL and TILDE never perform signi cantly better than using no relational
information, and Progol and Lime often do substantially worse.

Given that we excluded banks from the permissible constraits for equality
tests, there was no attribute in the related objects that any of the ILP methods
could have used. Allowing all constants including identi ers to be used for equal-
ity tests is similar to constructing count aggregates for al values. However, given
the extreme increase in run times we were only able to run thigxperiment using
TILDE. Since TILDE is able to predict probabilities using th e class frequencies
at the leaves, we can compare (in Tablel3) its AUC to our earlier results.°
Based on these results we must conclude that except for the E@ok and the
IPO domain, TILDE could not generalize a classi cation model from the pro-
vided identi er attributes. We conjecture that TILDE can on ly take advantage

10 On the IPO domain TILDE improved also in terms of accuracy ove r the performance
without banks in Table 12 from 0.65 to 0.753.
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Domain [|[COUNTS Tilde CCVD MCC

XOR 05* 0.5 (0) 0.92 (0.008)[0.51 (0.004)

AND 05* 0.5 (0) 0.92 (0.006)0.52 (0.012)

Kohavi ||0.5* 0.5 (0) 0.85 (0.025)[0.71 (0.022)

IPO 0.70* (0.023)]0.76 (0.28)[[0.79 (0.03) [0.77 (0.02)

CORA ||0.5* 0.5 (0) 0.97 (0.003)|0.74 (0.018)

COOC ||0.5* 0.5 (0) 0.78 (0.02) [0.63 (0.016)

EBook ||0.716 (0.024)0.83 (0) ||0.95 (0.024)0.79 (0.011)

Fraud  |[0.5* 0.5 (0) 0.87 (0.028)|0.49 (0.005)

Table 13. Comparison of generalization performance (AUC) for diere nt aggrega-
tion strategies (see Table 6 for a description). Entries with * denote cases where the
COUNTS aggregation was not applicable because all categorcal attributes had too
many distinct values. The standard deviation across 10 experiments is included in
parenthesis.

of a strong and concentrated signal. Both domains IPO and EBok also show
relatively good performance of MCC. This suggests that thee are a few identi-
er values that are both predictive and relatively frequent. If the discriminative
power of a particular value or its frequency was too low, TILDE did not use it.
This highlights again that the ability to condense information across multiple
identi er values is necessary to learn predictive models.

0.85

Accuracy

ACORA —+—
PRM ——

WVRN —&—
0.65 H

L L
0.3 0.4
Percent Labeled

L
0.1 0.2 0.5 0.6

Fig. 13. Comparison of classi cation accuracy of ACORA using class- conditional dis-
tributions against a Probabilistic Relational Model (PRM) and a Simple Relational
Classi er (SRC) on the CORA domain as a function of training s ize.
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Figure 13 shows that using identi er attributes would likely have imp roved
other published relational learning results as well. For the Cora domain, the
gure shows classi cation accuracies as a function of traifing size. ACORA es-
timates 7 separate binary classi cation models using classonditional distribu-
tions for each of the 7 classes and predicts the nal class wiit the highest prob-
ability score across the 7 model predictions. The gure compres ACORA to
prior published results using Probabilistic Relational Models (PRM, [23]) based
on both text and relational information (as reported by [31]), and a Simple Re-
lational Classi er (SRC, [10]) that assumes strong autocorrelation in the class
labels (speci cally, assuming that documents from a partialar eld will domi-
nantly cite previously published papers in the same eld), and uses relaxation
labeling to estimate unknown classes. Again ACORA using idati er attributes
(the particular papers) and target features dominates the @mparison, even for
very small training sets. The main advantage that ACORA has over the PRM
is the ability to extract information from the identi er att ributes of authors and
papers. The PRM uses the identi ers to construct its skelet, but does not
include them explicitly (does not estimate their distribut ions) in the model.

6 Prior and Related Work

There has been no focused work within relational learning orthe role of identi-
ers as information carriers. There are three main reasons1) a historical reluc-
tance within propositional learning to use them because thg cannot generalize;
2) the huge parameter space implied by using identi ers as coventional cate-
gorical values, which typically is not supported by su cient data (potentially
leading to over tting and excessive run time), and 3) the commonly assumed
objective of making predictions in a \di erent world" where none of the training
objects exist, but only objects with similar attributes.

In contrast to a large body of work on model estimation and theestimation of
functional dependencies that map well-de ned input spacesnto output spaces,
aggregation operators are much less well investigated. Mad estimation tasks
are usually framed as search over a structured (either in tems of parameters or
increasing complexity) space of many possible solutions. lthough aggregation
has been identi ed as a fundamental problem for relational earning from real-
world data [32], machine learning research has considered only a limitedes
of aggregation operators. Furthermore, statistical relaional model estimation
typically treats aggregation as a preprocessing step thats independent of the
model estimation process. In Inductive Logic Programming [33]) and logic-
based propositionalization, aggregation of one-to-many elationships is achieved
through existential quanti cation and is part of the active search through the
model space.

Propositionalization ([1], [4], [19]) has long recognized the essential role of
aggregation in relational modeling. This work focuses specally on the e ect of
aggregation choices and parameters, yielding promising epirical results on noisy
real-world domains: the numeric aggregates in1] outperform three ILP systems
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(FOIL [ 27], Tilde [28], and Progol [30]) on a noisy nancial task (PKDD-CUP
2000). Krogel and Wrobel (4], [19]) show similar results on the nancial task
and a customer-classi cation problem (ECML 1998 discoverychallenge) in com-
parison to Progol and Dinus [34], a logic-based propositionalization approach.
Similar work by Krogel et al. [35] presents an empirical comparison of Boolean
and numeric aggregation in propositionalization approacles across multiple do-
mains, including synthetic and domains with low noise; howeer their results are
inconclusive. Perlich and Provost P] nd that logic-based relational learning and
logic-based propositionalization perform poorly on a noig domain compared to
numeric aggregation. They also discuss theoretically themplications of vari-
ous assumptions and aggregation choices on the expressivevger of resulting
classi cation models and show empirically that the choice & aggregation oper-
ator can have a much stronger impact on the resultant model'sgeneralization
performance than the choice of the model induction method.

Distance-based relational approaches3p] use simple aggregates such agIN

to aggregate distances between two bags of values. A rst sfeestimates the dis-
tances between all possible pairs of objects (one elementoim each bag) and
a second step aggregates all distances throughklIN . The recent convergence
of relational learning and kernel methods has produced a vaety of kernels for
structured data, see for instance 87]. Structured kernels estimate distances be-
tween complex objects and are typically tailored towards a prticular domain.
This distance estimation also involves aggregation and oén uses sums.

Statistical relational learning approaches B8] [3] include network models as
well as upgrades of propositional models (e.g., Probabilix Relational Models
[23], Relational Bayesian Classi er [24], Relational Probability Trees [25]). They
typically draw from a set of simple numeric aggregation opeators (MIN; MAX;
SUM; MEAN for numerical attributes and MODE and COUNT S for categori-
cal attributes with few possible values) or aggregate by crating Boolean features
(e.g., Structural Logistic Regression 6], Naive Bayes with ILP [39]). Krogel and
Wrobel [4] and Knobbe et al. [1] were to our knowledge the rst to suggest the
combination of such numerical aggregates and FOL clauses tpropositionalize
relational problems automatically.

Besides special purpose methods (e.g., recency and frequgrfor direct mar-
keting) only a few new aggregation-based feature construgin methods have
been proposed. Craven and Slattery40] use Naive Bayes in combination with
FOIL to construct features for hypertext classi cation. Pe rlich and Provost [2]
use vector distances and class-conditional distributiondor noisy relational do-
mains with high-dimensional categorical attributes. (This paper describes an ex-
tension of that work.) Flach and Lachiche ([15],[16]) develop a general Bayesian
framework that is closely related to our analysis in Sectiord.2 but apply it only
to normal attributes with limited cardinality.

Theoretical work outside of relational modeling investigaes the extension
of relational algebra [41] through aggregation; however it does not suggest new
operators. Libkin and Wong [42] analyze the expressive power of relational lan-
guages with bag aggregates, based on a count operator and Bean comparison
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(su cient to express the common aggregates like MODE and MAX ). This
might prove to be an interesting starting point for theoreti cal work on the ex-
pressiveness of relational models.

Traditional work on constructive induction (Cl) [ 43] stressed the importance
of the relationship between induction and representation ad the intertwined
search for a good representation. Cl focused initially on tle capability of \for-
mulating new descriptors" from a given set of original attributes using general or
domain-speci ¢ constructive operators like AND; OR; MINUS; DIV IDE , etc.
Whnek and Michalski [44] extended the de nition of CI to include any change in
the representation space while still focusing on propositinal reformulations. Un-
der the new de nition, propositionalization and aggregation can be seen as ClI for
relational domains as pointed out by @5,46] and [47] for logic-based approaches.

7 Conclusion

We have presented novel aggregation techniques for relath@l classi cation,
which estimate class-conditional distributions to construct discriminative fea-
tures from relational background tables. The main techniqwe uses vector dis-
tances for dimensionality reduction and is capable of aggmgating high-dimensional
categorical attributes that traditionally have posed a signi cant challenge in re-
lational modeling. It is implemented in a general relationd learning prototype
ACORA that is applicable to a large class of relational domans with important
information in identi er attributes, for which the traditi onal MODE aggregator
is inadequate.

The main theoretical contributions of this work are the analysis of desir-
able properties of aggregation operators for predictive mdeling, the derivation
of a new aggregation approach based on distributional metatata for a \rela-
tional xed-e ect" model, and the exploration of opportuni ties, such as learning
from unobserved object characteristics, arising from the ggregation of object
identi ers. The commonly made assumption of class-conditbnal independence
of attributes signi cantly limits the expressive power of r elational models and
we show that the aggregation of identi ers can overcome suchimitations. The
ability to account for high-dimensional attributes encourages the explicit explo-
ration of attribute dependencies through the combination o values from multiple
attributes|which we have not explored here, but is an import ant topic for future
work. We also conduct a comprehensive empirical study of agggation for iden-
ti er attributes. The results demonstrate that the new appr oach indeed allows
generalization from identi er information, where prior ag gregation approaches
fail. This is due primarily to the ability of the new aggregation operators to
reduce dimensionality while constructing discriminative features that exhibit
task-speci ¢ similarity, grouping cases of the same classagether. Our results
also support claims that learning from identi ers allows th e capture of concepts
based on unobserved attributes and concepts that violate te assumptions of
class-conditional independence, and can reduce the need fdeep exploration of
the network of related objects (even if the \true" concept is based on deeper
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relationships). By using real and synthetic data sets with d erent characteris-

tics, we illustrate the interactions of training size, marginal class distribution,

average number of related objects, and the degree of skew ifhé distribution

of related objects. For example, for small data sets higherkew, larger bags,
and more balanced class priors increase the generalizatigmerformance of the
class-conditional distribution-based aggregates.

We also introduce an aggregation method using counts of moafiscriminative
values (also based on the distributional meta-data), whichgenerally outperforms
counts of most common values, and in particular prots from a high skew of
related objects. Discriminative counts are typically not as predictive as the dis-
tances between the class-conditional distributions, but povide additional pre-
dictive power in domains with high skew.

The distribution-based approach to aggregation is not limted to categorical
values. Via discretization it can also be applied to numericattributes with ar-
bitrary distributions. De ne the density function of a nume ric attribute as the
derivative of the cumulative density function F(X) (the probability of observ-
ing an x  X). As usual, the derivative is the limit of h going to in nity of
(F(X + h) F(x))=h. Let h be the bin size for discretization. As the number of
training cases increases the proportion of elements fallminto bins below X will
converge toF (X). Letting the bin size h go to 0 reaches in the limit the density
function of an arbitrary numeric distribution.

The view of feature construction as computing and storing dstributional
meta-data allows the application of the same idea to regressn tasks or even
unsupervised problems. For instance, it is possible to nd tusters of all (related)
objects and de ne a cluster (rather than a class-conditiona distribution) as the
reference point for feature construction.

Finally, this work highlights the sensitivity of generaliz ation performance of
relational learning to the choice of aggregators. We hope tat this work provides
some motivation for further exploration and development ofaggregation methods
for relational modeling tasks.

Acknowledgments

We are grateful to William Greene, David Jensen, Sofus Macskssy, Ted Senator,
and Je Simono and our anonymous reviewers for their valuable comments.
David Jensen suggested viewing our reference distributicsas meta-data. We
also wish to thank Jae Yun Moon and her husband for providing he EBook
database. Finally we are gratful to Hendrick Bloeckeel and &n Struyf for pro-
viding us with the newest version of TILDE and to include a special option to
output probability estimates.

This research was sponsored in part by the Air Force Researchaboratory,
Air Force Materiel Command, USAF, under Agreement number F3602-01-2-
0585. The views and conclusions contained herein are thosé the authors and
should not be interpreted as necessarily representing the oial policies or en-
dorsements, either expressed or implied, of AFRL or the U.SGovernment.



44 C. Perlich, F. Provost

Appendix A: Domain Description

Below are brief descriptions of the domains used for the empical evaluations.
The table gives summary statistics on the number of nhumericcategorical (with
fewer than 100 possible values), and identi er attributes (categoricals with more
than 100 distinct values). The target table appears in bold.

XOR and AND

Each domain comprises two tables: target object® and related entities e. Re-
lated entities have three elds: an identi er and two unobserved Boolean elds
x andy that are randomly assigned (uniformly). Each target object is related to
k entities; k is drawn from a uniform distribution between 1 and upper bourd
u. The expected value ofk is therefore (U + 1) =2 and is 5 in our main compari-
son. The likelihood that an entity is related to a target object is a function of its
identi er number. For the main comparison this is also uniform. Followup exper-
iments (in Section 5.4) will vary both k and the distributions of related entities.
For XOR the class of a target object is 1 if and only if the XOR beweenx andy
is true for the majority of related entities. XOR represents an example of a task
where the aggregation ofx and y independently (i.e., assuming class-conditional
independence) cannot provide any information. However, tie identi ers have the
potential to proxy for the entities’ XOR values. For AND the c lass of a target
object is 1 if and only if the majority of related entities satisfy x = 1 AND y = 1.
This concept also violates the independence assumption. lever, aggregations
of bags ofx's or y's using counts can still be predictive. To demonstrate the
ability of learning from unobserved attributes we do not include in the main
results the values ofx and y but provide only the identi er.

Code for the generation of related entities with identi er " oid" and the at-
tributes x,y for the calculation of the class label:

$num=$ARGVI0];
open OUT, ">objects.rel"

$i=1;

while($i<=$num)

{
$x=rand();
if ($x<0.5)\{$x=0}else\{$x=1};
$y=rand();

if ($y<0.5)\{$y=0}else\{$y=1}
print OUT "oid$i\n";
#print OUT "o0id$i,$x,$y\n";
Si++;
}
close OUT;
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Code for the generation of the target object and the relatiorships: The pa-
rameter $rel is the average number of related entities whegs $d regulates the
skew of the likelihood that an entity is chosen.

$stem=$ARGVI0];
$rel=SARGV[1];
$d=$ARGV[2];

$count=10000;

open IN, "objects.rel";

@o=();

while($in=<IN>)

{
chop $in;
push @o, $in;

}

$i=0;
open TAR,">$stem"."_tar.rel" or die;
open REL,">$stem"."_rel.rel";
while($i<=$count)
{
$tar=0;
$c=int rand()*2*$rel+1;
$ce=$c;
while($c>=1)

{
$v=int rand()**$d*$#o;
(Bb,$x,8y,$z)=split /,/, $o[$v];
$tar+=$z;
print REL "tar$i,$b\n";
$c+=-1;
}
$res=0;
if ($tar/$cc>0.5)\{$res=1}
print TAR "tar$i,$res\n";
Si++;
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Synthetic Telephone Fraud

This synthetic domain isolates a typical property of a telephone network with
fraudulent use of accounts. The only objects are accounts, fowhich a small
fraction (1 %) are fraudulent. These fraudulent accounts hae the property of
making a (larger than usual) proportion of their calls to a s& F of particu-
lar (non-fraudulent) accounts. This is the basis of one typeof highly e ective
fraud-detection strategy [13][18]; there are many variants, but generally speaking
accounts are agged as suspicious if they call numbers ifr. The code generates
a set of 1000 fraudulent accounts and 99000 normal accountblormal users call
other accounts randomly with a uniform distribution over al | accounts. Fraudu-
lent users make 50% of their calls to a particular set of numbes (1000 numbers
that are not fraudulent accounts) with uniform probability of being called, and
50% randomly to all accounts.

# number of accounts: 100000
# fraud accounts are 99001 to 10000
# fraud numbers are 1:1000

open TAR,">fraud.rel";
open REL,">calls.rel”;

$i=1;

while($i<=100000){
$tar=0;
$c=int rand()*30+1; #average number of calls =15
if ($i>99000) #1:1000 is fraud account

{print TAR "n%i,1\n";}
else{print TAR "n$i,0\n";}
while($c>=1){ #generate calls
if ($i>99000)} #fraud accoun
if (rand()<0.5){$num=rand()*1000} #fraud number
else{$num=rand()*10000}} #not fraud
else{ # normal account
if (rand()<0.25){$num=10000+rand()*99000;}
else{$num=rand()*100000}}
$num=int $num;
print REL "n$i,n$num\n";

$c=3%c-1;}
$i=$i+1;}
close TAR;

close REL;
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Customer Behavior (KDD)

Blue Martini [ 48] published, together with the data for the KDDCUP 2000,

three additional customer data sets to evaluate the perfornance of association
rule algorithms. We use the BMS-WebView-1 set of 59600 traractions with 497

distinct items. The classi cation task is the identi catio n of transactions that

contained the most commonly bought item (12895), given all ¢her items in the

transaction.

Direct Marketing (EBooks)

Ebooks comprises data from a ve-year-old Korean startup that sells E-Books.
The database contains many tables; we focus on the customenble (attributes
include, for example, country, gender, mailing preferencg, and household infor-
mation) and the transaction table (price, category, and identi er). The classi -
cation task is the identi cation of customers that bought th e most commonly
bought book (0107030800), given all other previously boughitems.

Industry Classi cation (COOC)

This domain is based on a corpus of 22,170 business news s&wxifrom the 4-
month period of 4/1/1999 to 8/4/1999, including press releases, earnings reports,
stock market news, and general business newd9]. For each news story there is
a set of ticker symbols of mentioned rms, which form a co-ocarrence relation
between pairs of rms. The classi cation task is to identify Technology rms,
labeled according to Yahoo's industry classi cation (table T), given their story
co-occurrences with other rms (table C).

Initial Public O erings (IPO)

Initial Public O erings of rms are typically headed by one b ank (or occasionally
multiple banks). The primary bank is supported by a number of additional banks
as underwriters. The job of the primary bank is to put shares m the market, to

set a price, and to guarantee with its experience and reputabn that the stock of
the issuing rmis indeed valued correctly. The IPO domain contains three tables,
one for the rm going public, one for the primary bank, and one for underwriting

banks. Firms have a number of numerical and categorical attibutes but for banks
only the name is available. The classi cation task is to predct whether the o er

was (would be) made on the NASDAQ exchange.

Document Classi cation (CORA)

The CORA database P] contains 4200 publications in the eld of Machine Learn-
ing that are categorized into 7 classes: Rule Learning, Reforcement Learning,
Theory, Neural Networks, Probabilistic Methods, Genetic Algorithms, and Case-
Based Reasoning. We use only the authorship and citation irdrmation (without
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the text) as shown previously in Figure 4. We focus for the main results only on
the most prevalent class: Neural Networks. The full classication performance
using the maximum probability score across all 7 classes cabe found later in
Figure 13.
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