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Abstract. In many data mining tools that support regression tasks, training data
are stored in a single table containing both the target field (dependent variable)
and the attributes (independent variables). Generaly, only intratuple
relationships between the attributes and the target field are found, while inter-
tuple relationships are not considered and (inter-table) relationships between
severa tuples of distinct tables are not even explorable. Disregarding inter-table
relationships can be a severe limitation in many real-word applications that
involve the prediction of numerical values from data that are naturaly
organized in a relationa model involving several tables (multi-relational
model). In this paper, we present a new data mining agorithm, named Mr-
SMOTI, which induces model trees from amulti-relational model. A model tree
is a tree-structured prediction model whose leaves are associated with multiple
linear regression models. The particular feature of Mr-SMOTI is that internal
nodes of the induced model tree can be of two types. regression nodes, which
add a variable to some multiple linear models according to a stepwise strategy,
and split nodes, which perform tests on attributes or the join condition and
eventually partition the training set. The induced model tree is a multi-relational
pattern that can be represented by means of selection graphs, which can be
translated into SQL, or equivalently into first order logic expressions.

1 Introduction

Prediction is arguably considered the main goal of data mining, with the greatest
potential payoff [28]. The two principal prediction problems are classification and
regression. Samples of past experience with known answers (labels) are examined
and generalized in future cases. For classification labels are a finite number of
unordered categories. For regression the answer is a number. Traditionally, in a
regression problem sample data are described by a set of mindependent variables X;
(both numerical and categorical) and a dependent variable Y, which normally takes
valuesin A. According to the data mining terminology, X;’s are the attributes, while Y
isthetarget field.

Regression problems have been very well studied in statistics. In general, the
model is assumed to be a linear combination of independent variables and the
coefficients of the combination are determined by the method of the least squares [4].
Refinements and extensions to non-linear models are also well-known and applied in
many real world applications. However, classical statistical methods have several
limitations. First, (non-)linear regression models are often hard to understand. Second,
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all these statistical models are based on the assumption that all independent variables
are equally relevant in the whole sample space. Third, the least square method does
not allow prior domain knowledge to be used in the construction of the regression
model. To solve some of these problems regression tree methods have been
developed.

Regression trees [3] are supposed to be more comprehensible then classical
regression models. They are built top-down by recursively partitioning the sample
space. An attribute may be of varying importance for different regions of the sample
space. A constant is associated to each leaf of aregression tree, so that the prediction
performed by aregression tree is the same for all sample datafalling in the same leaf.

A generalisation of regression trees is represented by model trees, which associate
multiple linear models with each leaf. Hence, different values can be predicted for
sample datafalling in the same leaf. Some of the model tree induction systems are M5
[23], RETIS, [9], M5 [27], HTL [26], TSIR [17], and SMOTI [18]. The last two
systems are characterised by a tree structure with two types of nodes: regression
nodes, which perform only straight-line regression, and splitting nodes, which
partition the feature space. The multiple linear model associated to each leaf is then
the composition of the straight-line regressions reported along the path from the root
to the leaf. In [18] some differences between TSIR and SMOTI have been reported,
the most important of which is that the method implemented in SMOTI is the only
one for which the composition of straight-line regressions found along a path from the
root to aleaf can be correctly interpreted as a multiple linear model built stepwise.

All model-tree induction systems reported above work on data represented by m+1
attribute-value pairs. They input training data from a file, with the exception of
SMOTI, which interfaces arelational database and requires the data set to be stored in
asingletable. Therefore, all methods implemented in the current model tree induction
systems are based on the single-table assumption, according to which all training
samples are stored in a single table (or “relation” in database terminology), and that
there is one row (or “tuple”) in this table for each object of interest [29]. In other
words, training data can be described by a fixed set of attributes, each of which can
only have asingle, primitive value.

The single-table assumption underlying this representation paradigm only alows
fairly simple objects to be analysed by means of current model tree systems. More
complex structured objects require a representation in arelational database containing
multiple tables [12]. (Multi-)relational data mining (MRDM) algorithms and systems
are capable of directly dealing with multiple tables or relations as they are found in
today’s relational databases [8]. The data taken as input by MRDM systems consists
of svera tables and not just one table (multi-relational model). Moreover, the
patterns output by these systems are relational, that is, involve multiple relations from
a relational database. They are typically stated in a more expressive language than
patterns described on a single data table. For instance, subsets of first-order logic are
used to express relational patterns. Considering this strong link with logics, it is not
surprising that many algorithms for MRDM originate from the field of inductive logic
programming (ILP) [15]

In this paper, we present a multi-relational extension of SMOTI. The new system,
named Mr-SMOTI, induces relational model trees from structural data possibly
described by multiple records in multiple tables. As in the case of SMOTI, induced
relational model trees can contain both regression and split nodes. Differently from
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SMOTI, attributes involved in both types of nodes can belong to different tables of
the relational database. The join of these tables is dynamically determined on the
basis of the database schema and aims to involve attributes of different relations in
order to build a predictive model for atarget field.

In the next section we first review related works in order to clarify the innovative
aspects of our approach. In Section 3 we briefly introduce the method implemented in
SMOTI that operates under the single-table assumption. In Section 4 we draw on the
multi-relational regression framework, based on an extended graphical language
(selection graph), to mine relational model trees directly from relational databases,
through SQL queries. In Section 5 we show how selection graphs can support the
stepwise induction of multi-relational model trees from structural data. In Section 6
we present some experimental results. Finally, we draw some conclusions and sketch
possible directions of further research.

2 Rdated Work

The problem of mining patterns (e.g. prediction models) over data that reside in
multiple tables is generally solved by moulding a relational database nto a single
table format, such that traditional attribute-value algorithms are able to work on [13].
This approach corresponds to the concept of propositionalization in machine learning
and has been applied to regression tasks as well. In [7], the DINUS [15] algorithm is
applied to transform a Datalog representation of a dynamic system into a
propositional form (i.e., attribute-value pairs), so that a classical model tree induction
system based on the single-table assumption (e.g. RETIS) can be applied. One way of
performing the propositionalization is to create a single relation by deriving attributes
from other joined tables. However, this produces an extremely large table with lots of
data being repeated which is difficult to handle. A different approach is the
construction of a single central relation that summarises and/or aggregates
information which can be found in other tables. Also this approach has some
drawbacks, since information about how data were originaly structured is lost.
Therefore, a proper way of explicitly and efficiently dealing with multiple relationsis
necessary.

The idea of mining relational regression models from multiple relations is not new.
In particular, the learning problem of Relational Regression [5] has been formulated
in the normal ILP framework. So far two approaches to solve Relational Regression
problems have been proposed in ILP. The former uses a separate-and-conquer (or
sequential covering) strategy to build a set of Prolog clauses. The latter uses a divide-
and-conquer strategy to induce tree-based models and then transl ate these models into
Prolog programs. A system that follows the first approach is FORS [10], while three
systems that follow the second approach are SRT [14], SCART [8], and TILDERT
[2]. In contrast to DINUS/RETIS al these systems solve a Relational Regression
problem in its origina representation, and do not require transformation of the
problem. Moreover, they can utilise relational non-determinate background
knowledge. SRT generates a series of increasingly complex trees containing a literal
(an atomic formulation or its negation) or a conjunction of literals in each node, and
subsequently returns the best tree according to a criterion based on minimum
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description length. A numerical constant value is assigned to each leaf. Analogously,
S-CART and TILDE-RT follow the general procedure of top-down tree induction [3].
In particular, S-CART recursively builds a binary tree, selecting a possible
conjunction of one or more literals in each node as provided by user-defined schemata
[25] until a stopping criterion is fulfilled. The value predicted in a node is simply the
mean of values of all examples covered by the node. The algorithm keeps track of the
examples in each node and the conjunctions of literals in each path leading to the
respective node. Thisinformation can be turned into a clausal theory (e.g. aset of first
order regression rules).

All these approaches are mostly based on data stored as Prolog facts. Moreover, in
rea-world applications, where facts correspond to tuples stored on relational
databases, some pre-processing is required in order to transform tuples into facts.
However, much of the pre-processing, which is often expensive in terms of
computation and storage, may be unnecessay since that part of the hypothesis space
may never be explored. In addition, in applications where data can frequently change,
pre-processing has to be frequently repeated. This means that little attention has been
given to data stored in relational database and to how knowledge of a data model can
help to guide the search process [3, 13]. A solution can be found by combining the
achievements of the Knowledge Discovery in Database (KDD) field on the
integration of data mining with database systems, with some results reported in the
ILP field on how to correctly upgrade propositional data mining algorithms to multi-
relational representations. In the next sections we show how to develop a new multi-
relational data mining system by upgrading SMOTI to multi-relational representations
and by tightly integrating the new system with arelational DBMS, namely Oracle® 9i.

3 Stepwise Model Treelnduction

SMOTI (Stepwise Model Tree Induction) performs the top-down induction of models
trees by considering not only a partitioning procedure, but also by some intermediate
prediction functions [18]1. This means that there are two types of nodes in the tree:
regression nodes and splitting nodes (Fig. 1). The former compute straight-line

no
Y'=c+dX'y

N
| Y'=e+X,

t'e t'r

Fig. 1. A modéd tree with both aregression node (t) and a splitting node (t')

regressions, while the latter partition the sample space. They pass dowrn training data
to their children in two different ways. For a splitting node t, only a subgroup of the
N(t) training datain t is passed to each child, with no change on training cases. For a
regression node t, all the data are passed down to its only child, but the values of both

! The work reported in [18] has been substantially extended and revisited. Details of the
improved algorithm implemented in the data mining system KDB2000 are reported in [19].
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the dependent and independent numeric variables not included in the multiple linear
model associated to t are transformed in order to remove the linear effect of those
variables already included. Thus, descendants of a regression node will operate on a
modified training set. Indeed, according to the statistical theory of linear regression
[4], the incremental construction of a multiple linear model is made by removing the
linear effect of introduced variables each time a new independent variable is added to
the model.

For instance, let us consider the problem of building a multiple regression model
with two independent variables through a sequence of straight-line regressions:

Y =at+bX; + cXs.
We start regressing Y on X;, so that the model Y = a;+b,X; isbuilt. This fitted

equation does not predict Y exactly. By adding the new variable X5, the prediction
might improve. Instead of starting from scratch and building a model with both X; and

X3, we can build alinear model for X; given X1: X, = ap+pX;. Then we compute the
residuals on X;: X', = X% - (ap+pXy) andon Y: Y' = Y — (gg + by X;). Findly, we regress

Y on X', alone: Y= az + bsXb.
By substituting the equations of X', and Y' in the last equation we have:

ml):a#bs(xz'(az*' b2X1)).

. /\ .
Since Y- (g +hX;) =Y- (3 +bX;) wehave:

Y = (a3 + a; — alhg) + (b1-bpbg) X+ bsXo.

It can be proven that this last model coincides with the first model built, that is,
a= ag+a;—ahs, b= by-bobs and c=hs. Therefore, when the first regression line of Y on
X is built we pass down both the residuals of Y and the residuals of the regression of
Xz on X;. This means that we remove the linear effect of the variables aready
included in the model (X;) from both the response variable (Y) and those variables to
be selected for the next regression step (Xz).

4 Regression Problem in a Multi-relational Framework

Traditional research for aregression task in KDD has focused mainly on propositional
techniques involving the attribute-value paradigm. This implies that relationships
between fields of one tuple can be found, but not relationships between several tuples
of one or more tables. It seems that this is an important limitation, since a relational
database consists of a set of tables and a set of associations between pairs of tables.
Both tables and associations are known as relations. Each association describes how
records in one table relate to records in another table. Most associations correspond to
foreign key relations. These relations can be seen as having two directions. One goes
from a table where the attribute is primary key to a table where the attribute is foreign
key (one-to-many), and the other one is in the reverse way (many-to-one). An object
in arelational database can consist of several records fragmented across several tables
and connected by associations (Fig. 2). Although the data model can consist of
multiple tables, there must be only asingle kind of object that is central to the analysis
(target table). The assumption is that each record in the target table will correspond to
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a single object in the database. Any information pertaining to each object which is
stored in other tables can be retrieved by following the associations in the data model.
Once the target table has been selected, a particular numeric attribute of that table can
be chosen for regression purposes (target attribute).

Thus, amultiple regression problem in a multi-relational framework can be defined
as follows. Given a schema of a relational database D, a target table Ty, a target
attribute Y within the target table Ty, the goal is to mine a multi-relational multiple
regression model to predict the estimated target attribute Y. Mined models not only
involve attribute-value descriptions, but also structural information denoted by the
associationsinD.

Customer Agent
N Target atribute N
Id:text |d:text
CreditLine:real ‘1/ Commission:red
Agent: Text
Detail .
Article
Order N Id: text N
1d: text Id: text
1 | Date: date 1| Order:text 1
—— Client: text Article: text

Fig. 2. The datamodel of an example database used in relational regression

Relational regression models induced stepwise as in SMOTI can be expressed in
the graphical language of selection graphs The classical definition of a selection
graph is reported in [11, 12, 16]. Nevertheless, we present an extension of this
definition in order to make the selection graphs more appropriate to our task.
Definition of selection graph
A selection graph Gisadirected graph (N, A), such that:

- eachnodein N isa4-tuple(T, C, R, s), named selection node, where:

- T= (X, Xo, ... Xp) isatablein the relational schema D.

- Cisaset of conditionson attributes in T of type T.X'; OP c, where X'; isone
of the attributes X in T after the removal of the effects of some variables
already introduced in the relational regression model through regression
nodes. OP is one of the usual comparison operators ( <, 3, in, notin ...)
and cisaconstant value.

- Risaset of tuples R={(RX;, a;, bj)| j=1....,I}where RX; is aregression term
already introduced in the multiple linear model, | is the number of such
terms, a; = @1, @2, ... ajn) and bj = ({1, b, ..., bjn) are the regression
coefficients computed to remove the effect of each term RX; from all
numerical attributesinT:

Xi=Xi-8j=1.(ajit bj " RX) " i=1,.,nandX; isnumerical

- sisaflag with possible valuesopen or closed.

- A aset of tuples (p, q, k, €), where:

- p and q are selection nodes.
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- fkisaforeign key association betweenp.T and q.T in the relational schema D
(one-to-many or many-to-one).
- eisaflag with possible valuespresent or absent.

Selection graphs contain at least a node ng that corresponds to the target table To.
They can be graphically represented by a directed labelled graph (Fig. 3.8). The value
of sis expressed by the absence or presence of a cross in the node, representing the
value open and close, respectively. Similarly the value for e is indicated by the
presence (absent value) or absence (present value) of a cross on the corresponding
arrow representing the labelled arc. The direction of the arrow (left-to-right and right-
to-left) corresponds to the multiplicity of the association fk (one-to-many and many-
to-one, respectively). Every arc between the nodes p and g imposes some constraints
on how one or more records in the table q.T are related o each record in table p.T,
according to thelist of conditionsing.C. The association between p.T and q.T induces
some grouping (Fig. 3.b) in the recordsinq.T, and thus selects somerecordsin p.T. In
particular, apresent arc selects those records that belong to the join between the tables
and match the list of conditions. On the other hand, an absent arc corresponds to the
negation of the joining condition and the representations of the complementary sets of
objects. Intuitively, the tuples in the target table Ty that are explained by a selection
graph G are those for which tuples exist or not in linked tables that satisfy the
conditions defined for those tables.

Customer  Order

a) —%)
O Dalein ©) ﬂ
{02/09/02, 05/09/02} begin (model (‘ customer-124’)).
customer(‘ 124’ ' AdamSdlly’,818.75, 1000, 03').
b order(‘ 12489, *02/09/02',” 124').
) Customer order(* 12500, 05/09/02', 124).
D] wme [ S | Cedtlee | dan end (model(‘ customer-124')).
E S“’““LS“”Y 3;91-?55 if'w iH begin (model (‘ customer-256')).
i e e mmm——uﬁ—u customer(‘ 256',' SadamsAnn’, 21.5, 1500,'06').
Order end (model(‘ customer-256')).
i Loate Client
THE0 | nZoons | 19 |e— |
12500 | osmons | 1w |

Fig. 3. (8) Example of selection graph; (b) corresponding grouping and (c) logic
representation of objects selected from an instance of the example database

Selection graphs are more intuitive than expressions in SQL or Prolog, because
they reflect the structure of the relational data model, and refinements of existing
graphs may be defined in terms of addition or updating of arcs and/or nodes. The
given definition of selection graph cannot allow to represent recursive relationships.
Therefore a selection graph can be straightforwardly translated into either SQL or into
first order logic expressions (Fig. 4). In this case a subgraph pointed by an absent arc
istranslated into a negated inner sub-query.
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SELECT n0.ID, n0O.Name, n0.Adress, ..., n0.Sale, n0.CreditLine, nOAcent,
a) nl.ID, n1.Date, nl.Client
Orde FROM Customer nO, Order nl
Customer WHERE n0.ID=n1.Client and n0.ID not in
Orde (SELECT n2.Client FROM Order 2 WHERE n2.Datein {02/09/02}));

G

R=
Datein P) — customer(NO_ID, ...,NO_Agent),
£02/00/09Y order(N1 ID,N1 Date, NO_ID),
@ (order(N2_ID,N2_Date, NO_ID), N2_Date=02/09/02).

Fig. 4. (a) SQL and (b) first order logic trandlation of a selection graph G

5 Multi-relational Stepwise Model Tree Induction

Mr-SMOTI induces model trees whose nodes (regression, split or leaf) involve multi-
relational patterns that can be represented with selection graphs, that is each node of
the tree corresponds to a selection graph. Essentialy Mr-SMOTI, like the
propositional version SMOTI, builds a tree-structured multi-relational regression
model by adding split and/or regression nodes through a process of successive
refinements of the current selection graph until a stopping criterion is fulfilled and a
leaf rmode is introduced. Thus, the model associated to each leaf is computed by
combining all straight-line regressions in the regression refinements along the path
from the root to the leaf.

5.1 TheAlgorithm

Mr-SMOTI is basicaly a divide-and-conquer agorithm that starts with a root
selection graph G containing only the target node ny. This graph corresponds to the
entire set of objects of interest in the relational database D (the target table To). At
each step the system chooses the optimal refinement (split or regression) according to
aheuristic function. In particular, asplit refinement corresponds to either the updating
of an existing node by adding a new selection condition or the introduction of a new
node and a new arc in the current selection graph. On the other hand, a regression
refinement corresponds to the updating of regression terms in existing nodes. The
optimal refinement (and its complement in the case of a split), are used to create the
regression functions associated to the root of the left (/right) branch. This procedureis
recursively applied to each branch until a stopping criterionisfulfilled.

Mr-SMOTI (D: database, G: selection_graph)
begin
Gs, Gg, R: selection_graph;
T _left, T_right: model _tree;
Gr:= optimal_regression_refinement (G, D);
if stopping_criteria (Gg, D) then return leaf (&R);
Gs:= optimal_split_refinement (G, D);
R:= best_refinement (Gg, Gs);
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if(R=xR) [Ithe optimal refinement is aregression node
T _left := Mr-SMOTI (D,R);
T right:= /&
else // the optimal refinement is a split node

T _left := Mr-SMOTI (D,R);
T _right := Mr-SMOTI (D, comp (R));
return model_tree(R, T_left, T_right).
end

The functions optimal_split_refinement and optimal_regression_refinement take
the current selection graph G corresponding to the current node t and consider every
possible split and regression refinement. The choice of which refinements are
candidates is determined by the current selection graph G, the structure of data model
in D, and notably by the multiplicity of associations within this data model.

The validity of either a splitting refinement (Gs) together with its complement
(comp(Gs)), or a regression refinement Ggr) is based on two distinct evaluation
measures, s( Gs, comp(Gs)) and r (Ggr), respectively. Both s( Gs, comp(Gs)) and
r (Gr), are mean square errors (MSE) 2, therefore they can be actually compared to
choose between three different possihilities:

- growing the model tree by adding the node '[GR corresponding to the
regression refinement Gg;
- growing the model tree by adding the nodes tes and tcompcg corresponding to
the splitting refinement Gs and its complement comp(Gs)3;
- stopping thetree’s growth at the current nodet.
Let T be the multi-relational model tree currently built stepwise, G the selection

graph associated to the node t in T andts_ (tompc,)) the left (right) child of t,
associated to a split refinement Gs (the complementary split refinement comp(Gs)) of
the selection graph G, s (Gs, comp(Gs)) is defined as:
N(t N(t
( GS) R(G S) + ( comp(@))
N(t GS) + N(t comp(Cg)) N(t GS) + N(t comp(%))
where N(ts . )(N(tmpc,))) is the number of training tuples covered by the

refinement Gs (comp(Gs)), and R(Gs) ( R(comp(Gg) ) is the resubstitution error of the
left (right) child, computed as follows:

(G, comp(Gs)) =

R(comp(G5)),

1 N%Gs) " 2 NOC%“P(GS)) " 2
RGJ)= |—— 34 -9)> RCcompG )= |— 9§02,
Gs) N(t . Ja:1 vi-vy) (comp(G )) NG comp((%)) el vi-v))

Therefore the evaluation measure s(Gs, mp(Gs)) is coherently defined on the
basis of the partially defined multiple linear regression models Y built by combining

2 Mr-SMOTI minimises the square error with respect to the partially constructed
regression model .

3Mr-SMOTI requires that the subsets of target objects belonging to patterns deriving from the
same parent by applying some kind of refinement must be complementary. Because of this
the split refinements are introduced together with their complementary refinement.
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the best straight-line regression associated to tg_ (toomp(c,) )+ With all regressions

introduced along the path from theroot to t_ (teomyc,) ) -

The evaluation of a regression step Y=a+bX; at regression refinement Gg, cannot
be naively based on the resubstitution error R(Gg):

1 V&
R = v )2,
Gr) N ) %(y, y;)

where tGR is the node representing the regression refinement Gg and N(tGR) isthe

number of training tuples covered by the refinement Gg. The predicted value Vi is

computed by combining all regression lines introduced in T aong the path from the
root to tGR . This would result in values of r (Gg) less than or equal to values of

s(Gs,comp(Gg)) for splitting refinement involving X; [18]. Indeed, the splitting test
“looks-ahead” to the best multiple linear regressions after the current split is
performed, while the regression step does not perform such a look-ahead. A fairer
comparison would be to grown the model tree at a further level in order to base the
computation of r(Gg) on the best split refinement Gs, after the current regression
refinement is performed. Therefore, r (Gg) isdefined asfollows:

r (Gr) = min {R(Gr),s(Gs ,comp(Gs))}.

Having defined both s(Gs, comp(Gs)) and r (Gg), the criterion for selecting the
best refinement is fully characterised as well. At each step of the induction process,
Mr-SMOTI chooses the apparently most promising refinement, according to a greedy
strategy.

The function stopping_criteria determines whether the current optimal refinement
must be transformed into a leaf according to the minimal number of target objects
(minObject) covered by the selection graph which is associated to the current node
and the minimal threshold for the coefficient of determination (minR) of the
prediction function built stepwise [4]. This coefficient is a scale-free one-number
summary of the strength of the relationship between independent variables in the
actual multiple linear model and the dependent variable.

The regression model built by Mr-SMOTI can be viewed as a set of SQL queries
associated with each leaf in the tree. These queries predict an estimate of the target
attribute according to the multiple model built stepwise. The prediction is averaged by
means of a grouping on the target objects. The complementary nature of different
branches of a model tree ensures that a given target object cannot be assigned a
conflicting model.

5.2 TheRefinements

Solit refinements are an extension of the refinement operations proposed in [11] to
perform a split test in a multi-relational decision tree. Whenever a split is introduced
in a model tree, Mr-SMOTI is in fact refining the selection graph associated to the
current node, by adding either a condition or an open node linked by a present arc.
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Given a selection graph G, the add condition refinement returns the refined
selection graph Gs by simply adding a split condition to an open node n; T GN
without changing the structure of G. The split condition can be a test on either a
continuous or a discrete attribute of the table associated to the node n,. The firstisin
theform Xj£a. The value of a is one of the cut points found by an equal frequency
discretization of the ordered distinct values of X;. A discrete test isin the form X; in
Ui, with U; a subset of the range of X;. A greedy strategy as suggested by [20] is used
to identify U;. Initialy U; = A is considered, the possible refinement is obtained by
moving one discrete value from the range of X; to U;, such that the move resultsin a
better split. The evaluation measure s( Gs, comp(Gs)) is computed, therefore a better
split decreases s(Gs, comp(Gs)). The process is iterated until there is no improvement
in the splits.

The add linked node refinement instantiates an association of the data model D by
means of a present arc, together with its corresponding table, represented as an open
node, and adds these to the selection graph G. Knowledge of the nature and
multiplicity is used to guide and optimise this search. Since the investigated
associations are foreign key associations, the proposed refinements can have two
directions: backward or forward. The former correspond to many-to-one associations,
while the latter describe one-to-many associations in the data model. This means that
a backward refinement of the selection graph G does not partition the set of target
objects covered by G but extends their descriptions (training data) by considering
tuplesjoined in the table which are represented by the new added node.

Each split refinement of type add condition or add linked node is introduced
together with its complementary refinement. Let G be the selection graph associated
to the current node t and Gs a split refinement of G associated to the left sub-tree of t.
Thefirst order logic expression translating Gsis:

= Qe, conj (Qg_ )

where Qg is the translation of G and conj is the condition corresponding to the split
refinement. The complementary refinement (comp(Gs)) associated with the right sub-
tree could not be the expression = Qg,dcon;j. Indeed, the selection graphs (queries) of
the left and right sub-tree must be complementary: for each object into the current
node (Qg succeeds) exactly one of both queries should succeed. Consider in Figure 5
the refinement Gs of the selection graph G, obtained by adding a condition on the
table Order that is not atarget table. In this case the complementary of adding aliteral
(Date in {02/09/02}) is not equivalent to adding its negation (J(Date in {02/09/02})),
while at the same time switching the branches of T. This is an important difference
compared with the propositional case, where atest and its simple negation generate a
partition of the training data. The complementary set associated to the complementary
refinement of Gs must contain the target objects in G (and the linked information in
connected nodes) that are associated with none of the tuples in Order satisfying the
refinement condition.

In [11], Knobbe et al. propose a complementary refinement named add negative
condition that should solve the problem of mutual exclusion between an add
condition refinement and its complement. If the node that is being refined does not
represent the target table, comp(Gs) isbuilt from G by introducing an absent arc from
the parent of n; to the clone of the entire sub-graph of G that is rooted in n;. The
introduced sub-graph has a root (a clone of the node to be refined) that is a closed
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Customer
i Order
a) T mme [ ] o | Codilee | dgn] DAEIN -
Tt | dvbme Sally 375 1m0 0z_|[02/09/02} 13%9 um%a;m o
26 | Subms fom s 190 06
18] 02000 11
11 Charlee Dy 26 78 1000 12 . L35 T 2%
Date not in{ 02/09/02} 12500 D506/ 13
b G (First order expression) Qg - customer(NO_ID, ,NO_Agent),
) Cusomer  Order order(N1_ID,N1_Date, NO_ID).
(SQL query) Qg SELECT n0.ID, ..., nOAgent,
nl.ID, n1.Date, nl1.Client
FROM Customer n0, Order nl1
WHERE n0.ID=n1.Client
<+ ==
Customer OCrd>er
Customer Order Comp(Gy) O
0= &
Datein DaEin
{02/09/02} First order expression {02/09/02}
First order expression -
i Stpm 0 D, NO Adent anp (Go) customer(NO_ID,...,NO_Agent),
Qg, ~ customer(NO_ID, ... NO_Agent), order(N1_ID,N1_Date, NO_ID).
order(N1_ID,N1_Date, NO_ID). @ order(N2_ID, N2_Date, NO_ID),
N2_Date=02/09/02. N2_Date=02/09/02).
SQL query SQL query
SELECT n0.1D, ..., nOAgent, SELECT nO0.ID,.., nOAgent,
nl.ID,nl.Date,nl.Client nl.ID,nl.Date,nl.Client
FROM Customer n0, Order nl1 FROM Customer n0, Order nl
WHERE n0.I1D=n1.Client AND WHERE n0.ID=n1.Client AND
ni.Date =02/09/02 n0.ID not in (select n2.Client from
Client n2 where n2.Date =02/09/02)

Fig. 5. Explanation of (a) the partitioning of training objects according to (b) a split
refinement Gs and its complement comp(Gs)

node updated with the refinement condition that is not negated. In this way the
complementary operation builds a selection graph that negates an entire inner sub-
query and not simply a condition. Aswas observed in [16], this approach fails to build
complementary refinements when the node to be refined is not directly connected to
the target node.

The example in Figure 6 proves that the proposed mechanism could build a
refinement Gs and a complementary refinement comp(Gs) that are not mutually
exclusive. To overcome this problem the complementary refinement comp(Gg) should
be obtained by adding an absent arc from the target node ny to the clone of the sub-
graph containing the entirejoin path from ng to the node to be refined. The introduced
sub-graph has a root (a clone of ng) that is a closed node and is updated with the
refinement condition that is not negated. A new absent arc is also introduced between
the target node and its closed clone. This arc is an instance of the implicit relationship
between the primary key of the target table and the own itself (Figure 7).

Similarly, when we consider the complementary refinement for an add linked node
refinement we make the same considerations as when a negated condition is going to
be added. This means that when the closed node to be added is not directly connected
to the target node in G, a procedure similar to that described when an add condition
refinement is complemented must be followed.
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n2.1d,...n2.0rder, n2.Article
. FROM Customer n0, Order nl, Detail n2
Customer  Qrder  Detall Comp(Gs) WHERE n0.ID=n1.Client AND
/ nl.ID=n2.0Order AND
Detail n2.Price£15
price£15

SELECT n0.ID, ..., nOAgent,
nl.ID,n1.Date,nl.Client,
n2.1d,...n2.0rder, n2.Article

FROM Customer nO, Order n1, Detail n2

WHERE n0.ID=nl1.Client AND
nl.ID=n2.0rder AND

nl.IDnot in ( select n3. Order from
Order n3 where n3.Price£15)

begin (model (‘customer-124")).
customer(‘124’,’ Adam Sally’, ...,’03").
order(‘12489',°02/09/02', ' 124').
detail (' D123, 12,80, 12489','A1’),
detail (‘D124', 15,22,12489''A2")

end (model(‘ customer-124")).

begin (model (' customer-256’)).
customer(‘256’,’ Sadams Ann’, ...,"’06").

begin (model (‘customer-124")).
customer(‘ 124’ ,’Adam Sally’,
order(‘ 12500’ ,' 05/09/02', 124).
detail(‘D125', 16,25,12500','A3’)
end (model(‘ customer-124')).

end khodel (‘ customer-256')).
...,'03).

/4

Fig. 6. Exampleof (a) refinement (Gs) by adding a condition on anode not directly connected
to the target node and (b) the corresponding complementary refinement, proposed by Knobbe
et al., that does not satisfy the mutual exclusion

SELECT n0.1D, ..., nOAgent,
nl.1D,nl.Date,nl.Client,
n2.1d,...n2.0rder, n3.Article

FROM Customer n0, Order ni1,, Detail n2

WHERE n0.ID=n1.Client AND
nl.ID=n2.Order AND

n0.IDnot in( select n0. ID from
Customer n3, Order n4,, Detail n5
where n3.1D=n4.Client and
n4.ID=n5.0rder and n5.Price£15)

Customer  Order Detail

Customer order Detail

price£15

Fig. 7. Example of correct complementary refinement when adding a condition on a node not
directly connected to the target node

Finally, aregression refinement G (Figure 8) corresponds to performing a regression
step (Y=ay+by ni.T.X’) on the residual of a continuous attribute (.T.X;") not yet
introduced in the model currently built. Regression coefficients @y and by) are
estimated according to the values of Y and n;.T.X;’ of each single tuple selected by
the current selection graph G. The regression attribute must belong to a table
represented by anode in the parent graph G. For each node, the list of regressionsRis
updated by adding the regression term §;.T.X;") introduced in the model and the
coefficients a and b computed to update the residuals of all continuous attributes in
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the node. According to the evaluation function r(Gg), a regression refinement
includes a look-ahead capability. The complementary refinement of a regression step
isempty.

C

R,o=4 Customer Agent Customer  Agent Rio={ (n0.Commission, as, b1)}
Ru=/E Q@+—Q QQe—Q@ Rn1={ (n1.Commission, a1,b1)}

QRmr%i on step

CreditLine=no R aiqait s+ No.R biaeit ikl COMmisson

Model currently built

SELECT no.ld,avg(no.R.a 1creditLinetD 1creditLine No.COmmision)
FROM Customer ny, Agent n1 WHERE n0.Agent=n1.1d

GROUPBY n.ID

Fig. 8. Example of aregression refinement G that performs aregression step on the attribute
Agent.Commission. The nodes ng and n; are updated with the vectors of coefficients a and b
in order to remove the effect of the regression attribute from the continuous attributes in ny.T
and n.. T, respectively

6 Experimental Evaluation

Mr-SMOTI has been applied to the biological problems of predicting both the
mutagenic activity of molecules[21] and the biodegradability of chemical compounds
in water [6]. A mutagenesis dataset consists of 230 molecules divided into two
subsets: 188 molecules for which linear regression yields good results and 42
molecules that are regression-unfriendly. In our experiments we used the atom and
bond structure of regression-friendly molecules by adding boolean indicators Indl
and Ind2 as one setting (B;) and adding Lumo and Logp properties to get a second
setting (B). Similarly biodegradability dataset consists of 328 chemical molecules
structurally described in terms of atom and bond. In all the experimental results
reported below the thresholds for stopping criteria are fixed as follows: the minimum
number of target objects falling in each internal node must be greater than the square
root of the number of target objects in the entire training set and the determination
coefficient in each internal node must be below 0.80.

Each dataset is analysed by means of a 10-fold cross-validation. Figure 9 showsthe
test set performance of Mr-SMOTI and TILDE-RT in both domains, as measured by
the Pearson correlation coefficient. The Pearson correlation coefficient (PCC), which
iscomputed asfollows:

PCC = et
[} , )
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Fig. 9. Pearson correlation coefficient (Y axis) for multi-relational prediction models induced
from the 10-fold cross vaidated datasets (X axis) of Mutagenesis (B1, B2) and
Biodegradability datasets. The comparison concerns two systems: TILDE-RT (black squares)
vs. Mr-SMOTI (purple diamonds)

is a measure of how much the value of a target attribute (yj) in test objects
correlates with the value ( 9].) predicted by the induced model.

Since the Pearson correlation coefficient does not measure the quantity error of a
prediction, we include several other measures as proposed by Quinlan [24]. We have
evaluated the predictive accuracy on the basis of the average mean square error
(Avg.MSE), which is computed as follows:

1o 1o 1 o ~ 2

AvgMse = £ & mse(v) =2 aJ—a (3, - 9, (V- V)
I(v,Tv kv,Tv N(Vi)jiv‘ : J

where V={ V1, .., W} is a k-cross-validation partition of the training data V (i.e., 10),

N (V;) is the number of target objectsin Vi, and ¥, (V - V;) is the value predicted

for thej-th target object inV; by the prediction model built from V-V, .
The predictive accuracy is also estimated according to the average error (AE)
averaged on a 10 fold cross-validation:




Mining Model Trees: A Multi-relational Approach 19

1o 1o 1 o N
AvgAE =— g AHV) =— — - Y(V-V)
oAl kv?v HV) k\%JNM%IMJ V-Vl

For pairwise comparison with TILDE-RT the non-parametric Wilcoxon two-
sample paired signed rank test is used [22], since the number of folds (or
“independent” trials) is relatively low and does not justify the application of
parametric tests, such as the t-test. To perform the test, we assume that the
experimental results of the two compared methods are independent pairs of sample
data {(uy, W), (U, W), . . ., (Uy, Vn)}. We then rank the absolute value of the
differences y - v;. The Wilcoxon test statistics W* and W™ are the sum of the ranks
from the positive and negative differences, respectively. We test the null hypothesis
Ho: “no difference in distributions’ against the two-sided alternative H;: “thereis a
difference in distributions’. More formally, the hypotheses are: Hy: “p,=H," against
Ha “Mut . Intuitively, when W* >> W™ and viceversa, Hy is rejected. Whether W*
should be considered “much greater than” W depends on the significance level a.
The basic assumption of the statistical test is that the two populations have the same
continuous distribution (and no ties occur). Since, in our experiments, y and v are
MSE, W* >> W  implies that the second method (V) is better than the first one (U).

The results of the Wilcoxon signed rank test on the accuracy of the induced multi-
relational prediction model are reported in Table 1. The Wilcoxon test statistics W*
(W") is the sum of the ranks from the positive (negative) differences between TILDE
RT and Mr-SMOTI. Therefore, the smaller W (W), the better for Mr-SMOTI
(TILDERT). Differences are considered statistically significant when the p-value is
less than or equal toa/2.

Table 1. Results of the Wilcoxon signed rank test on the accuracy of the induced models. The
best value isin boldface, while the statistically significant values (p£a/2,a=0.05) areinitalics

Dataset Accuracy Mr-SMOTI TILDE-RT W+ | W- P
o B1 Avg.MSE 1.165 1.197 23 32 0.69
g, Avg.AE 0.887 0.986 12 | 43 0.13
go B2 Avg.MSE 1.118 1.193 15 | 40 0.23
= Avg.AE 0.845 0.985 11 44 0.10
) o Avg.MSE 0.337 0.588 0 55 0.0019
Biodegradability
Avg.AE 0.186 0.363 0 55 0.0019

Table 2. Number of leaves comparison for the 188 regression friendly elements of Mutagenesis
(B1 and B2 setting) and the 328 elements of Biodegradability

System Mutagenesis — B1 Mutagenesis— B2 | Biodegradability
Mr-SMOTI 14.4 9.2 2
TILDE-RT 11.7 14.9 4.7

Experimental results on tree size are reported in Table 2. Results show that in
the case of both mutagenesis dataset (B2 setting) and biodegradability dataset Mr-
SMOTI builds simpler models (in number of leaves) without loosing accuracy.
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7 Conclusions

This paper presents a novel approach to mining relational model trees. The proposed
algorithm can work effectively when training data are stored in multiple tables of a
relational DBMS. Information on the database schema is used to reduce the search
space of patterns. Induced relational models are represented by selection graphs
whose definition has been extended in order to describe model trees with either split
nodes or regression nodes. The proposed algorithm has been implemented as a
module of the system MURENA that is tightly coupled to the Oracle Database. As
future work, we plan to extend the comparison of Mr-SMOTI to other multi-relational
data mining systems on a larger set of benchmark datasets. In particular, we plan to
apply Mr-SMOTI in the spatial task of supporting quantitative interpretation of maps
and in the analysis of geo-referenced census data [1]. Moreover, we intend to use
SQL primitives and parallel database servers to speed up the stepwise construction of
multi-relational model trees from data stored in alarge database.
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