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Abstract. We present the notion of Iterative User-Defined Aggregates as an ex-
tension of the notion of user-defined aggregates in deductive databases. Such an ex-
{ension provides a versative mechanism for defining complex aggregation functions,
that are not definable as distributive aggregates. As a result, we show how such a
mechanism can be applied to the specification of complex data mining tasks as user-
defined aggregates. The resulting formalism provides a fiexible way to customize,
tune and reason on both the evaluation functions and the extracted knowledge.

1 lIntroduction and Motivations ~

Most knowledge-intensive data analysis applications require the combination
of two kinds of activities: knowledge acquisition, and reasoning on the ac-
quired knowledge according to the expert rules that characterize the business.
Data mining techniques are an answer to the first issue, in that they extract
from raw data knowledge that is implicit and, more importantly, that is at
a higher abstraction level. However, the ability of combining the results of
knowledge extraction with expert rules is a key factor of success when build-
ing decision support systems. Many applications of the above mentioned kind,
in domains such as market basket analysis [9], are challenging applications,
for a variety of reasons.

A key point is the management of the KDD process, and s tailoring to
specific domains. The role of domain, or background, knowledge is relevant at
each step of the KDD process: which attributes discriminate best, how can
we characterize a correct/useful profile, what are the interesting exception
conditions, etc., are all examples of domain dependent notions. Notably, in the
evaluation phase we need to associate with each inferred knowledge structure
some quality function that evaluates its information content in the specific
domain. More generally, a logically uniform representation of data, domain
knowledge and extracted knowledge is required, in order to express easily
high-level business rules.

Various proposals in the current literature have shown that the knowl-
edge discovery process can jake great advantage of a powerful knowledge-



representation and reasoning formalism [13,14,2,9]. As an example, the no- -
tion of inductive database, proposed in [1,10], is an atbempt to formalize the
notion of interactive mining process. An inductive database provides a uni-
fied and transparent view of both inferred {deductive} knowledge, and all the
derived patterns, (the induced knowledge) over the data. The user does not
care about whether he is dealing with inferred or induced knowledge, and
whether the requested knowledge is materialized or not. The only detail he
is interested in stems in the high-level specification of the query involving
both deductive and inductive knowledge. In this direction moves the notion
of Inductive Databases to the case of rule-based languages presented in {4,5].

The central point of the paper is about the “declarative” nature of many
data mining tasks, since they can be conceived as purely functional operators
on a data set. Many data mining algorithms can be defined by means of sim-
ple iterative steps, in which each iteration consists in the computation of an
aggregate. It is the case, for example, of the Apriori association rule mining
algorithm, in which each iteration consists in finding the frequent itemsets
from a set of candidate itemsets generated by the previous iteration. We pro-
pose a model for declaratively integrating data mining tasks in a deductive
environment. Directly specifying the mining algorithms in a deductive envi-
ronment gives us the oppportunity to apply both database optimizations and
application/domain dependent optimizations. We.can, for example, directly
specify constraints, and apply optimized data structures only when they are
needed. Moreover, from an implementation viewpoint, the major deawback of .
using & purely declarative specification can be overcome using the techniques
described in [9], which allow to define and use, by means of the mechanism
of external functions, specialized data structures.

In this paper we extend the approach shown in {4,5,9], following two main
directions:

e we introduce the concept of iterative user-defined aggregate (IUDAs), as
an extension of the concept of user-defined aggregate [17). We define the
formal semantics of IUDAs in a Datalog++ framework [8,7,16].

¢ We use such a nction as a means for formalizing a logically uniform
representation of data, domain knowledge and extracted knowledge in a
declarative way.

The paper is organized as follows. In section 2 we briefly sketch the mech-
anism of user defined aggregates provided by LDL++. Section 3 describes the
generalization of such a notion to the notion of Iterative user-defined aggre-
gates. In section 4 we show how the mechanism is powerful enough to express
different phases of the knowledge discovery process. A short final discussion in
section 5 remarks both the actual achievements and the future developments
that can make the system viable for practical application development.



2 User-Defined Aggregates

In this paper we refer to Datalog+-+ and its current implementation LD L4+,
a highly expressive language which includes among its features recursion and
a powerful form of stratified negation [16], and is viable for efficient query
evaluation [8]. _

A remarkable capability of such a language is that of expressing distribu-
tive aggregates, which are definable by the user {17]. For example, the follow-
ing rule llustrates the use of a sum aggregate, which aggregates the values
of the relation sales along the dimension Dealer:

supptierTot(Time, Product,sum{Sales)) «
sales(Time, Product, Store, Sales).

Such rule corresponds to the SQL statement

SELECT Time, Product, SUM{Sales)
FROM sales
GROUP BY Time, Product

From a semantic viewpcint, the above rule is a syntactic sugar for a
program that exploits the notions of nondeterministic choice and XY strati-
fication [3,16,8]. The evaluation of the aggregation rule

q(aggr (X)) ~— P(X,_ Y).

-exploits the capability of defining “recursive” aggregates, i.e., aggregates in-
ductively defined, :

f{z}) = g(x) (1)
s ud{a}) = h(f(S),z) (2)

by defining the base and inductive cases by means of ad-hoc user-defined
predicates single and multi.

In [17], a further extension to the approach is proposed, in order to deal
with more complex aggregation functions. Practically, we can manipulate the
results of the aggregation function by means of two predicates freturn and
ereturn.

FEzample 1 ({17]). The sample variance of a set of values is defined as s =
L - %(ZJ x;)?). The aggregate that computes such a measure over
a cotumn of a table is the following:

single(var, X, (X,1)).
multi(var,X, (C,N),(C+X,N+1)).
freturn{var, (¢,N),1/(N— 1) x (C— 1/A x Cx £}).



3 Iterative User-Defined Aggregates

The main deficiency of the previcus model is the impossibitity of defining
non-distributive aggregates within datalolg++. In many cases, even simple
aggregates require multiple steps over data in order to be computed.

Ezample 2. The absolute deviation S, = 3 |Z — x| of a set of » elements is
defined as the sum of the absolute difference of each element with the mean
value T = 1/n 3, x of the set. In order to compute such an aggregate, we
need to scan the available data twice: first, to compute the mean value, and
second to compube the sum of the absolute difference. O

A simple way of coping with the problem of multiple scans over data can
be done by extending the declarative rewriting of the aggregation rule

qfager{X}) < p(%) {3}

in order to impose some user-defined conditions for iterating the scan over
data. More specifically, the extension we propose can be specified as an iter-
ative function aggr

aggr{S)

{
init(res);
do
res = f(res,S)
while (iterate(res));

return res;

where f is defined, as usual, as a fold operator

flu A1) = glv)

f{ﬂ,SU {3‘}) = h’(f(ﬁas}:l)

and iterate is a user-defined condition specifying whether the aggregate
computation can he stopped. By exploiting recursion, it is easy to define
guch an iteration directly as an aggregate computation:

cagr p(nil, Aggr,nil, New) « enpty{Aggr,New).

cagr p(nil, Aggr, X, New) + next_p{nil, X}, X # nil,
single(Ager, X, New), mempty(iger, ).
cagr p(I,Aggr, Y2, New)} « next p(¥1,Y¥2),Y2 # nil,
cagr.p(I, Aggr,¥Y1,01d), multi(Ager, 01d, Y2, New).
cagr.p{s(I), Aggr,nil, New) — next_p(X,Y), —next_p(Y,_},
cagr_p(I,Ager,Y,01d), iterate(Aggr, 01d, New),



The main difference w.r.t. the schema shown in the previous section is in the
last rule, that specifies the condition for iterating the aggregate computation.
The activation (and evaluation) of such a rule is subject to the successful eval-
uation of the user-defined predicate iterate, so that any failure in evaluating
it results in the termination of the computation. This guarantees that the pro-
posed schema is conservative: any aggregate specified by singie, multi and
return is computed in the same way as shown in the previous section.
Rule 3 is then rewritten in the following rules,

g{S) « next.p(¥,Y), -next_p(Y, ), cagr p(I, Aggr,Y,C),
—cagr_p({s(I),Aggr,nil,C), freturn(iger,C,S).

q(8) — next p(X,Y),Y # nil, cagr.p(I, Ager, X, C),
ereturn(Agegr,C,Y,8).

so that the aggregate prodnces a final result only when iteration stops.

Frample 3. By adopting the above schema, the absolute deviation S, can be
defined in the following way:

single{abserr, X, (nil, X, 1)).

multi(abserr, (nil,s,C),%, (nil, S+ X,C+ 1)).
multi{abserr, (M,D),X,(M,D+ (M — X))} « M > X
multi{abserr, (D), X, (4,0 + (X — H))) « K <X..
iterate(abserr, (nil, $,C), (S/C,0)).
freturn(abserr, (M,D),D).

Notice how the combined use of multi and iterate allows to define two
scans over the data: the first scan in order to compute the mean value, and
the second one in order to compute the sum of the absolute difference with
the mean value. 03

4 Mining Aggregates

The iterative schema shown so far is comunon in many data mining algo-
rithms. Usually, a typical data mining algorithm is an instance of an itera-
tive schema. At each iteration, some statistics are gathered from the data,
and the termination condition determines whether the extracted statistics are
sufficient to the purpose of the task, or no new statistics can be computed
instead.

Ezample {. The Apriori algorithm for the computation of frequent itemsets
is based on the following criteria:

L. at each iteration, frequencies of candidate itemsets are computed, and
unfrequent candidate sets are removed. New candidate itemsets are com-
puted by combining the frequent itemsets.



2. The cycle terminates when no further candidate itemsets are generated.

The two items identify the necessary conditions for specifying the compu-
tation of frequent itemsets by means of the iterative schema shown before.
O

Example 5. The K-means algorithm for the computation of clusters of tuples
is defined by the following steps:

1. initially, K random cluster centers are chosen.

2. at each iteration, each tuple is assigned to its most similar cluster center,
according to some similarity measure. Hence, cluster centers are recom-
puted averaging the values of each cluster component.

3. no more iteration is performed if the cluster centers are stable, ie., if
they do not change.

Clearly, the specification of such operations within the iterative schema is
immediate. £

Exzample 6. A general schema for decision-tree classification algorithms is the
following:

BuildTree{Node n, Datapartition D, Splitting criterion ££)
A= (CL.find best_classifier attribute(D))
k = (L.split dataset(D, A)
ifk>0
for each partition D;, 1 <i<k
create new children n; of n
BuildTree(n;,D;,CL)
endfor
endif

Such a recursive schema can be easily fitted into the ahove shown iterative
schema. Notice in fact that, although the recursive call is made on a partition
of the dataset, there are as many recursive cails as the partitions ars. 0O

From these examples i} is clear that the iterative schema shown in the
previous section is a good candidate for specifying data mining tasks, and,
moreover, for integrating them in a deductive environment.

From an implementation viewpoint, the major drawback of using a purely
declarative specification can be overcome using the techniques described
in [9]. However, directly specifying the mining algorithms in a deductive envi-
ronment gives us the opportunity to apply both database optimizations and
application/domain dependent optimizations. We can, for example, directly
specify constraints, and apply optimized data structures whenever they are
needed in order to speed-up the computation.



The rest of the section is devoted at showing how the model is suitable
enough to cover some important tasks of the data mining process. In particu-
lar, we analyze two different tasks: classification and association rule mining.
The full version [6] of this paper extensively covers further data mining tasks.

4.1 Classification

We are interested in developing a classification construct based on the no-
tion of user-defined aggregate. We concentrate here on bayesian classification,
that is among the most practical approaches to many types of learning prob-
lems [11,12]. To sumrmarize, we aim at computing the function

max Prob{C =clA1 = a3,...,An = 0p)

where ¢ is a value of the target attribute and ai,...,an are possible val-
ues of the attributes of a relation with schema R = {Z1,...,Zx} such that
{A1,...,An,C} € {Z4,...,Z:}. By assuming that, for each 4, j such that
i # 7, A; and A; are independent, the above expression is maximized by the
same value ¢ that maximizes the expression

ke
max Prob(C = c) -HPmb(Az- = a;|C = ¢)

P'rob(AEB) can be estimated as count(A4 A B)/count(B); hence, we can
“then define the pair {Prob{4; = a;|C = ¢), Prob(C = c)) as a user-defined
aggregate!. Practically, we define a predicate s as : :

8(Xq,...,Xn, bayes{(P, [A1,-..,A:],C))) — x(Zy,. .., Zx).

where the variables ¥1,..., %2, P, 41,. .., &y, C are a (possibly rearranged) sub-
set of Z;,...,2y and r(Zy,...,Z) is either an extensional or an intensional
predicate. The result of such an evaluation is the set of conditienal probabil-
ities of each of the possible values of A;, given any possible value of €, and
weight P associated to the tuple Ay,. .., Aq.

We can define, as usual, the single, multi and freturn predicates:

single(bayes, (P,F,C), (4, C)) «— member(4, F).

milti(bayes, (P,F,C), (A, C1), (4,C1)).

muiti(bayes, (P,F,C),., {4,C)) + member{4,F).

muiti(bayes, (P,F, C), (&, Ps,C, Pe, N), (4, Py + P, C, Pe + P, 10 + 1)) «- membex (4, F).
muiti(bayes, (P,F, C), (A, Py, C, Pe, K), (A, Py, §,Pe + P, ¥ + 1)} +— —member(4, F).

iterate(bayes, (4,C),{4,0,£,0,0)).
freturn({bayes, (A, P4, C, Pg, N), (4, C,Psec, Pe)) — Pac = Pa/Pg, Pe = Pe/N.

! Notice that such an approach fails to deal with 0 probabilities. However, simple
corrections can be done, as suggested, e.g., in [12, chapter 6]. For example, we
can weight the proposed estimate of Prob(A|B) with prior uniform probabilities.



Let us consider the extensional predicate:
playTennis({Outlook, Temperature, Humidity, Wind, Play)
A simple classifier on such a relation is built by means of the rule

classifier(bayes{(t, [Qutlook, Temp, Humidity, Wind], Play)}) +—
playTennis(Outlook, Temp, Humidity, Wind, Play).

Bzample 7. A query classifier(C,F,P¢, Pr) against such a database returns
as answers tuples such as

(no, sunny, 0.357143, 0.6) (no,hot, 0.357143,0.4)

{no,weak, 0.357143, 0.4) (no, strong, 0.357143, 0.6)
(yes, hot, 0.642857, 0.222222) (yes, high, 0.642857,0.333333)
{ves,rain, 0.642857,0.444444) (yes, mild, 0.642857, 0.444444)

Such tuples represent a classification model that can be used to classify any
new tuple. [J

4.2  Association Rules Mining

In [4,9] we defined the patterns aggregate for computing frequent itemsets,
which are basically needed for computing association rules from a given re-
lation. Practically, the patterns aggregate is defined in rules . '

p(patterns{(min_supp, $)}) « a(Zy,. .., Za)-

where S denotes a set of values computed by q. The avaluation of the above
rule returns a set of predicates p{s), where s = {li,...,} is a frequent
itemset which satisfies the min_supp minimum support requirement.

Examples of complex queries whithin the resuiting logic language are-very
easy to express.

Erample 8. “Find patterns with at least 3 occurrences from the daily trans-
actions of each customer’™

frequentPatterns{patterns{(3,8)}} « transSet(D,C,8).
transSet(D,C, (I}) « transaction(D,C,I,P,Q).

By querying frequentPatterns(S) we obtain, among the answers, the tuples
{({pasta}) and ({paste,wine}). O

Ezample 9. “Find patterns with at least 8 occurrences from the transactions
of each customers”™:

frequentPatterns(patterns{(3,8)})) «— transSet(C,8).

transSet(C, {I)} ~ transaction(D,C, I,P,Q).



Differently from the previcus example, where transactions were grouped by
customer and by date, the previous rules group tramsactions by customer.
We then compute the frequent patterns on the restructured transactions

transSet(custl, {beer, chips, jackets,pasta, wine})
transSet{cust?, {beer, chips, col_shirts, jackets, pasta, wine})
transSet(cust3, {beer, brown shirts, chips, col_shirts, pasta, wine})

obtaining, e.g., the pattern ({beer, chips,pasta,wine}). O

The ahove aggregate can be defined using the iterative schema schown in
section 3. The interested reader is referred to the full version [6] of this paper
for its definition.

5 Conclusions

Iterative user-defined aggregates extend the expressive power of user-defined
aggregates, by providing the basic tool for defining aggregates that need
several scans over data. A natural application of such iterative aggregates is
in the specification of data mining task. The advantage of such specifications
is twofold:

e from a conceptual level, we achieve a semantic integration of-domain
knowledge and extracted knowledge, by means of a uniform knowledge
representation layer supporting both deduction and induction

e from a phisical level, such an integration gives us the’ opportunity of
directly integrating specific optimizations to the application of data min-
ing algorithms, that can be treated no more as “black boxes”, hut allow
interaction in the various phases of the computational process.

Efficiency issues were out of the scope of this paper, and were not specif-
ically studied. A simple vet attractive way of using specialized data minin
structures mantaining the current aggregate specification is shown in [9]. An-
other interesting way of coping with efficiency is that of identifying a set of
relevant features that can be transferred into more specialized and efficient
languages. As an example, [15] study how to provide relational database sys-
tems with the mechanism of user-defined aggregates.
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