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ABSTRACT
As data mining te
hniques are applied to ever larger data

sets, it is be
oming 
lear that parallel pro
essors will play

an important role in redu
ing the turn-around time for data

analysis. In this paper, we des
ribe the design of a parallel

obje
t-oriented toolkit for mining s
ienti�
 data sets. Af-

ter a brief dis
ussion of our design goals, we des
ribe our

overall system design that uses data mining to �nd useful

information in raw data in an iterative and intera
tive man-

ner. Using de
ision trees as an example, we illustrate how

the need to support 
exibility and extensibility 
an make the

parallel implementation of our algorithms very 
hallenging.

We des
ribe the solution approa
hes we are 
onsidering to

address these 
hallenges. As this is work in progress, we also

present some preliminary results using an astronomy data

set.

1. INTRODUCTION
Parallel data mining is the exploitation of �ne grained paral-

lelism in data mining, using tightly-
oupled pro
essors 
on-

ne
ted by a high-bandwidth inter
onne
tion network [8℄.

Impli
it in this de�nition is the assumption that all the data

used in mining is lo
ally available, not globally distributed.

This is often the 
ase when 
ommer
ial or s
ienti�
 data is


olle
ted at one lo
ation, and often analyzed at the same

lo
ation. If the size of the data is very large or a fast turn-

around is required, it may be appropriate to mine the data

using a parallel system. With 2-16 pro
essor, Intel-based

systems be
oming inexpensive and 
ommon-pla
e, the 
om-

pute power ne
essary to implement this �ne-grained paral-

lelism is readily available.

Lo
al data 
an be mined using either tightly- or loosely-


oupled pro
essors. In both 
ases, we need to fo
us on

minimizing the 
ommuni
ation 
osts a
ross the pro
essors.

However, for loosely-
oupled pro
essors, this 
ommuni
ation


ost is typi
ally mu
h larger and may suggest the use of dis-

tributed data mining te
hniques, where the data is globally

distributed, and 
ommuni
ation done via the Internet.

In this paper, we dis
uss the issues involved in designing

and implementing an obje
t oriented framework for min-

ing data using tightly-
oupled pro
essors. Our fo
us is on

distributed memory ar
hite
tures where ea
h 
ompute node

has its own memory, and the nodes share only the inter-


onne
t. The ar
hite
ture of su
h systems is s
alable with

in
reasing number of pro
essors, making them well suited to

mining massive data sets.

The outline of this paper is as follows: In Se
tion 2, we

des
ribe our view of data mining in light of the 
hallenges

we fa
e in mining s
ienti�
 data. Next, we des
ribe the

system ar
hite
ture we have designed for Sapphire, a large-

s
ale data mining proje
t at the Lawren
e Livermore Na-

tional Laboratory [14℄. In Se
tion 3, we use de
ision trees

as an example to illustrate the problems we fa
e, and the

tradeo�s we have made, as our need for 
exibility meets the

realities of parallel implementation. In Se
tion 4, we dis
uss

our experien
es in mining an astronomy data set. Se
tion

5 des
ribes our experimental results, and in Se
tion 6, we


on
lude with a summary.

2. THE DATA MINING PROCESS
The tasks that are performed in a data mining appli
ation

depend on the problem domain, the problem being solved,

and the data itself. The Sapphire toolkit des
ribed in this

paper is targeted to problems arising mainly from s
ienti�


appli
ations, where the data is obtained from observations,

experiments, or simulations. S
ienti�
 data analysis, while

varied in s
ope, has several 
ommon 
hallenges:

� Feature extra
tion from low-level data: S
ien
e

data 
an be either image data from observations or

experiments, or mesh data from 
omputer simulations

of 
omplex phenomena, in two and three dimensions,

involving several variables. This data is available in a

raw form, with values at ea
h pixel in an image, or ea
h

grid point in a mesh. As the patterns of interest are at

a higher level, additional features must be extra
ted

from the raw data prior to pattern re
ognition.



� Noisy data: S
ienti�
 data, espe
ially data from ob-

servations and experiments, is noisy. This noise may

vary within an image, from image to image, and from

sensor to sensor. Removing the noise from data, with-

out a�e
ting the signal is a 
hallenging problem in s
i-

enti�
 data sets.

� Size of the data: Our data sets range from moderate

to massive, with the smallest being measured in hun-

dreds of Gigabytes and the largest a few Terabytes. As

more 
omplex simulations are performed, the data is

expe
ted to grow to the Petabyte range.

� Need for data fusion: Frequently, s
ienti�
 data is


olle
ted from various sour
es, using di�erent sensors.

In order to use all available data in the analysis, we

need data fusion te
hniques. This is a non-trivial task

if the data was 
olle
ted at di�erent resolutions, using

di�erent wavelengths, or under di�erent 
onditions.

� La
k of labeled data: Labeled examples in s
ien-

ti�
 data are usually generated manually. This tedious

pro
ess is made more 
ompli
ated as not all s
ientists

may agree on a label for an obje
t, or want the data

mining algorithm to identify \interesting" obje
ts, not

just obje
ts that are similar to the training set.

� Data in 
at �les, not data bases: Unlike 
ommer-


ial data, s
ienti�
 data is rarely available in a 
leaned

state in data warehouses.

� Mining data as it is being generated: In the 
ase

of simulation data, s
ientists are interested in the be-

havior of the s
ienti�
 phenomena as it 
hanges with

time. Sometimes, the time taken to output the re-

sult of the simulation at ea
h time step 
an ex
eed the

simulation time itself. Sin
e the simulations are run

on large parallel 
omputers, it may be possible to pre-

pro
ess the data while it is being generated, resulting

in a smaller output. While this idea seems simple, a

pra
ti
al implementation is non-trivial.

In light of these 
onditions, our de�nition of data mining

starts with the raw data and in
ludes pre-pro
essing prior

to pattern re
ognition (Figure 1). If the raw data is very

large, we may use sampling and work with fewer instan
es,

or use multiresolution te
hniques and work with data at a


oarser resolution. This �rst step may also in
lude data

fusion, if required. Next, noise is removed and relevant fea-

tures are extra
ted from the data. This results in a feature

ve
tor for ea
h data instan
e. Depending on the problem

and the data, we may need to redu
e the number of features

using dimension redu
tion te
hniques su
h as prin
ipal 
om-

ponent analysis (PCA). After this pre-pro
essing, the data is

ready for the dete
tion of patterns. These patterns are then

displayed to the user, who validates them appropriately.

The data mining pro
ess is iterative and intera
tive; any

step may lead to a re�nement of the previous steps. User

feedba
k plays a 
riti
al role in the su

ess of data min-

ing in all stages, starting from the initial des
ription of the

data, the identi�
ation of potentially relevant features and

the training set (where ne
essary), and the validation of the

results.

2.1 The Sapphire System Design
In order to implement the data mining pro
ess in Figure 1

in a parallel setting, our experien
e has shown that we must

take into a

ount the following fa
ts:

� Not all problems require the entire data mining pro-


ess, so ea
h of the steps must be modular and 
apable

of stand-alone operation.

� Not all algorithms are suitable for a problem, so the

software should in
lude several algorithms for ea
h task,

and allow easy plug and play of these algorithms.

� Ea
h algorithm typi
ally depends on several parame-

ters, so the software should allow user friendly a

ess

to these parameters.

� Intermediate data must be stored appropriately to sup-

port re�nement of the data mining pro
ess.

� The domain dependent and independent parts must be


learly identi�ed to allow maximum re-use of software

as we move from one appli
ation to another.

To a

ommodate these requirements, we put together the

system ar
hite
ture shown in Figure 2. The fo
us of Sap-

phire is on the 
ompute-intensive tasks as these bene�t the

most from parallelism. Su
h tasks in
lude de
ision trees,

neural networks, image pro
essing, and dimension redu
-

tion. Ea
h 
lass of algorithms is designed using obje
t-

oriented prin
iples and implemented as a C++ 
lass library.

Parallelism is supported through the use of MPI for distributed-

memory parallel pro
essing [9℄. We use domain-spe
i�
 soft-

ware for tasks su
h as reading, writing, and the display of

data. To support many di�erent input data formats, su
h as

FITS, View, and netCDF, we �rst 
onvert ea
h format into

Sapphire's internal data format, prior to any pro
essing. We

are using RDB, a publi
-domain relational data base, as our

permanent data store to store the intermediate data gen-

erated at ea
h step. This has turned out to be invaluable

as it has allowed us to experiment with di�erent subsets of

features and enabled us to easily support a growing data

set. Our ultimate goal is that on
e we have ea
h of the 
lass

libraries implemented, we will be able to provide a solution

to a problem in a domain by simply linking the appropriate

algorithms using a s
ripting language su
h as Python.

The system design of our parallel obje
t-oriented toolkit has

been made 
hallenging by the following two fa
tors:

� As data mining pro
eeds from feature extra
tion to the

dis
overy of useful information, the data pro
essed re-

du
es in size. This redu
tion 
an be very drasti
, e.g.

from a Terabyte to a Megabyte. Furthur, some of the

data pre-pro
essing 
ould o

ur on the parallel ma-


hine where the data is being generated, while the rest

of the data analysis 
ould take pla
e on a di�erent par-

allel ma
hine with possibly fewer pro
essors. Ensuring

the end-to-end s
alability of the data mining pro
ess

under these 
ir
umstan
es 
ould prove very 
halleng-

ing.



Figure 1: Data mining: an iterative and intera
tive pro
ess.

Figure 2: The Sapphire System Ar
hite
ture: Flexible and Extensible



� The very nature of data mining requires 
lose 
ollab-

oration with the domain s
ientists at ea
h step. In-


orporating this iterative and intera
tive aspe
t into a

parallel framework is a non-trivial task.

We next fo
us on one of the algorithms in data mining,

namely, de
ision trees, des
ribe our approa
h to the design

and implementation of parallel software, and show how the

need to support 
exibility in a parallel implementation 
an

give rise to 
on
i
ting requirements.

3. PARALLELIZING DECISION TREES
De
ision trees [3, 12, 11℄ belong to the 
ategory of 
lassi-

�
ation algorithms wherein the algorithm learns a fun
tion

that maps a data item into one of several pre-de�ned 
lasses.

These algorithms typi
ally have two phases. In the training

phase, the algorithm is \trained" by presenting it with a set

of examples with known 
lassi�
ation. In the test phase, the

model 
reated in the training phase is tested to determine

how well it 
lassi�es known examples. If the results meet ex-

pe
ted a

ura
y, the model is put into operation to 
lassify

examples with unknown 
lassi�
ation. This operation is em-

barrassingly parallel as several \
opies" of the 
lassi�er 
an

operate on di�erent examples. It is important for the train-

ing phase of the 
lassi�er to be eÆ
ient as we need to �nd an

optimum set of parameters whi
h will enable a

urate and

eÆ
ient results during the operation of the 
lassi�er.

A de
ision tree is a stru
ture that is either a leaf, indi
at-

ing a 
lass, or a de
ision node that spe
i�es some test to

be 
arried out on a feature (or a 
ombination of features),

with a bran
h and sub-tree for ea
h possible out
ome of the

test. The de
ision at ea
h node of the tree is made to re-

veal the stru
ture in the data. De
ision trees tend to be

relatively simple to implement, yield results that 
an be in-

terpreted, and have built-in dimension redu
tion. Parallel

implementations of de
ision trees have been the subje
t of

extensive resear
h in the last few years [15, 17, 20, 16℄. An

approa
h used to 
onstru
t a s
alable de
ision tree was �rst

des
ribed in the SPRINT algorithm [15℄. Instead of sorting

the features at ea
h node of the tree as was done in earlier

implementations, it uses a single sort on all the features at

the beginning. The 
reation of the tree is thus split into two

parts:

Initial Sorting:

� First the training set is split into separate feature lists

for ea
h feature. Ea
h list 
ontains the identi�
ation

(ID) number of the data instan
e, the feature value,

and the 
lass asso
iated with the instan
e. This data

is partitioned uniformly among the pro
essors.

� Next, a parallel sort is performed on ea
h feature list

whi
h results in ea
h pro
essor 
ontaining a stati
, 
on-

tiguous, sorted portion of the feature. As a result of

this sort, the data instan
es for one feature in one pro-


essor may be di�erent from the data instan
es for

another feature in the same pro
essor. Sin
e all the

features 
orresponding to one data instan
e may not

belong to the same pro
essor, it is important to in
lude

the ID number of the data instan
e in the feature list.

� Next, we build 
ount statisti
s for ea
h of the features

in ea
h pro
essor.

Creation of the de
ision tree:

� Find the optimal split point:

{ Ea
h pro
essor evaluates ea
h of the lo
al feature

lists to �nd the best lo
al split (this is done in

parallel by all pro
essors).

{ It 
ommuni
ates the lo
al best splits and 
ount

statisti
s to all pro
essors.

{ Ea
h pro
essor determines the best global split

(this is done in parallel by all pro
essors).

� Split the data:

{ Ea
h pro
essor splits on the winning feature, and

sends the ID numbers of its new left and right

node data instan
es to all other pro
essors.

{ Then, ea
h pro
essor builds a hash table 
ontain-

ing all the ID numbers, and information on whi
h

instan
es belong to whi
h de
ision tree node.

{ Next, ea
h pro
essor, for ea
h feature, probes the

hash table for ea
h ID number to determine how

to split that feature value.

� This pro
ess is 
arried out on the next unsolved de
i-

sion tree node.

An improved version of the SPRINT algorithm that is s
al-

able in both run-time and memory requirements is des
ribed

in S
alParC [7℄. This di�ers from SPRINT in two ways.

First, a distributed hash table is used, instead of a single

hash table whi
h is repli
ated in ea
h pro
essor. This re-

du
es memory requirements per pro
essor, making the al-

gorithm s
alable with respe
t to memory. Se
ond, as in

SPRINT, the de
ision tree nodes are 
onstru
ted breadth-

�rst rather than depth-�rst and pro
essor syn
hronization

is held o� until all work is done for that level of the tree.

This not only limits the 
ommuni
ation ne
essary for syn-


hronization, but also results in better load balan
ing sin
e

pro
essors that �nish with one node of the tree 
an move

dire
tly on to the next node.

3.1 Decision Tree Functionality
Our goal in the design and implementation of the Sapphire

de
ision tree software is to take the S
alParC approa
h and

extend it to in
lude support for di�erent types of splits and

di�erent splitting 
riteria. We next des
ribe the options we

want to support in our software.

Support for several di�erent splitting 
riteria:

The feature to test at ea
h node of the tree, as well as the

value against whi
h to test it, 
an be determined using one

of several measures. Depending on whether the measure

evaluates the goodness or badness of a split, it 
an be either

maximized or minimized. Let T be the set of n examples at

a node that belong to one of k 
lasses, and T

L

and T

R

be the

two non-overlapping subsets that result from the split (that

is, the left and right subsets). Let L

j

and R

j

be the number

of instan
es of 
lass j on the left and the right, respe
tively.

Then, the split 
riteria we want to support in
lude [10℄:



� Gini: This 
riterion is based on �nding the split that

most redu
es the node impurity, where the impurity is

de�ned as follows:

L

Gini

= 1:0 �

k

X

i=1

(L

i

=jT

L

j)

2

R

Gini

= 1:0 �

k

X

i=1

(R

i

=jT

R

j)

2

Impurity = (jT

L

j � L

Gini

+ jT

R

j �R

Gini

)=n

where jT

L

j and jT

R

j are the number of examples, and

L

Gini

and R

Gini

are the Gini indi
es on the left and

right side of the split, respe
tively. This 
riterion 
an

have problems when there are a large number of 
lasses.

� Twoing rule: In this 
ase, a \goodness" measure is

evaluated as follows:

Twoing value = (jT

L

j=n) � (jT

R

j=n) �

�

k

X

i=1

jL

i

=jT

L

j �R

i

=jT

R

jj

�

2

Twoing may be a more desirable split 
riterion when

there are a large number of 
lasses. Comparisons be-

tween twoing and Gini indi
ate only slight di�eren
es

between the two, though Breiman et al. [3℄ prefer Gini

as the splits produ
ed by it appear to be better in

terms of produ
ing pure des
endant nodes.

� Information gain: The information gain asso
iated with

a feature is the expe
ted redu
tion in entropy 
aused

by partitioning the examples a

ording to the feature.

Here the entropy 
hara
terizes the (im)purity of an

arbitrary 
olle
tion of examples. For example, the en-

tropy prior to the split in our example would be:

Entropy(T ) =

k

X

i=1

�p

i

log

2

p

i

p

i

= (L

i

+R

i

)=n

where p

i

is the proportion of T belonging to 
lass i and

(L

i

+ R

i

) is the number of examples in 
lass i in T .

The information gain of a split S = fT

L

; T

R

g relative

to T is then given by

Gain(T; S) = Entropy(T )

�

jT

L

j

jT j

� Entropy(T

L

)

�

jT

R

j

jT j

� Entropy(T

R

)

where T

L

and T

R

are the subsets of T that 
orrespond

to the left and right bran
hes, respe
tively. This 
ri-

terion tends to favor features with many values over

those with few values.

Support for non-axis-parallel de
ision trees:

Traditional de
ision trees 
onsider a single feature at ea
h

node, resulting in hyperplanes that are parallel to one of

the axes. While su
h trees are easy to interpret, they may

be 
ompli
ated and ina

urate in the 
ase where the data

is best partitioned by an oblique hyperplane. In su
h in-

stan
es, it may be appropriate to make a de
ision based

on a linear 
ombination of features, instead of a single fea-

ture. However, these oblique trees 
an be harder to inter-

pret. They 
an also be more 
ompute intensive as the prob-

lem of �nding an oblique hyperplane is mu
h harder than

the problem of �nding an axis-parallel one. None-the-less,

our early resear
h has shown that when used in 
onjun
tion

with evolutionary algorithms, these oblique 
lassi�ers 
ould

prove 
ompetitive in some 
ases [5℄. To further explore these

ideas, we are designing our software su
h that, in addition

to axis parallel trees, it 
an support the following types of

splits at ea
h node:

� CART-LC: Breiman et al., in [3℄, suggested the use of

linear 
ombinations of features to split the data at a

node. If the features for a data instan
e are given as

(x

1

; x

2

; : : : ; x

n

; 
), where 
 is the 
lass label asso
iated

with the instan
e, then, we sear
h for a best split of

the form

n

X

i=1

a

i

x

i

6 d where

n

X

i=1

a

2

i

= 1

and d ranges over all possible values. The solution ap-

proa
h 
y
les through the 
oeÆ
ients a

1

; : : : ; a

n

, try-

ing to �nd the best split on ea
h 
oeÆ
ient, while keep-

ing the others 
onstant. A ba
kward deletion pro
ess

is then used to remove 
oeÆ
ients that 
ontribute little

to the e�e
tiveness of the split. This approa
h is fully

deterministi
 and 
an get trapped in a lo
al minima.

� OC1: The oblique 
lassi�er OC1 des
ribed in [10℄ at-

tempts to address some of the limitations of the CART-

LC approa
h by in
luding randomization in the algo-

rithm that �nds the best hyperplane. Further, mul-

tiple random re-starts are used to es
ape lo
al min-

ima. In order to be at least as powerful as the axis-

parallel de
ision trees, OC1 �rst �nds the best axis-

parallel split at a node before looking for an oblique

split. The axis-parallel split is used if it is better than

the best oblique split determined by the algorithm for

that node. OC1 also shifts to an axis-parallel split

when the number of examples at a node falls below a

user-spe
i�ed threshold to ensure that the data does

not under�t the 
on
ept to be learned.

� Oblique-EA: In this approa
h, we use evolutionary al-

gorithms to �nd the best hyperplane represented by

the 
oeÆ
ients (a

1

; : : : ; a

n

; d). An individual in the

population is represented by the 
on
atenated version

of these 
oeÆ
ients. The �tness of ea
h individual is

determined by evaluating how well it splits the exam-

ples at a node for a given split 
riterion. Evolutionary

algorithms thus allow us to work with all the 
oeÆ-


ients at a time instead of the series of univariate splits


onsidered in OC1 and CART-LC.

We have explored two options for evolutionary algo-

rithms. In one 
ase we use a (1+1) evolutionary strat-

egy with adaptive mutations. The initial hyperplane

is the best axis-parallel split for the node. For ea
h

hyperplane 
oeÆ
ient, we have a mutation 
oeÆ
ient,



whi
h is updated at ea
h iteration and used to deter-

mine the new hyperplane 
oeÆ
ient. We then sele
t

the best between the parent and 
hild hyperplanes. In

the se
ond approa
h, we use a simple generational GA

with real valued genes. The initial population 
onsists

of 10% 
opies of the axis-parallel hyperplane, and the

rest are generated randomly. Our initial experiments

have shown that in some 
ases, the Oblique-EA ap-

proa
hes are faster and more a

urate than OC1 [5℄.

Our main 
hallenge is to see if we 
an support these di�erent

options by isolating, and re-using, the 
ode that supports the

parallel implementation of ea
h option.

We are also interested in exploring di�erent ways to avoid

over-�tting through pruning and rules that de
ide when to

stop splitting, su
h as the 
ost 
omplexity pruning te
hnique

of Breiman [3℄ or the minimum des
ription length approa
h

suggested by Quinlan and Rivest [13℄. However, sin
e prun-

ing takes pla
e after the 
reation of the tree, and is not


omputationally intensive to bene�t from parallel pro
ess-

ing, we do not address the topi
 in this paper.

3.2 The Sapphire Decision Tree Design
As explained in the previous se
tion, we are interested in a

de
ision tree design that gives us enough 
exibility to ex-

periment with di�erent options within a parallel implemen-

tation. It is relatively easy to support some of these options

within the 
ontext of an obje
t-oriented design. For exam-

ple, di�erent splitting 
riteria 
an be easily supported by

having an abstra
t base 
lass from whi
h 
on
rete 
lasses

for the split 
riterion are inherited. These 
on
rete 
lasses

implement the fun
tion used to determine the quality of a

split. The user 
an then instantiate an obje
t in one of these


lasses to indi
ate the split 
riterion used at all nodes of the

tree. This 
hoi
e would be 
ommuni
ated to the de
ision

tree obje
t by passing a pointer to the base split 
riteria


lass as an argument. A similar situation holds in the 
ase

of pruning options whi
h are exe
uted after the tree is built.

In both 
ases, the main operation performed by the 
lass is

at a low-enough level that no parallelism is required in the

implementation of the operation.

The UML 
lass diagram [18℄ for our de
ision tree design is

given in Figure 3. The pre�x di is used to indi
ate 
lasses

that 
ontain domain information, tbox to indi
ate toolbox


lasses for general use, and dt to indi
ate 
lasses used in

the de
ision tree. Note that the di 
lasses 
an be used

in other 
lassi�
ation and 
lustering algorithms, not just

de
ision trees. A brief des
ription of the 
lasses is as follows:

� di FeatureValue: This 
ontains either a nominal (dis-


rete) feature or a numeri
 (
ontinuous) feature, but

never both at the same time.

� di Instan
eInfo: This 
ontains the number of features,

the name of the features and their type for a data

instan
e.

� di Instan
e: This 
ontains the features for a data in-

stan
e. It is typi
ally used in 
onjun
tion with an ob-

je
t from the di Instan
eInfo 
lass.

� di Instan
eArray: This 
an be used for the training

set, where ea
h data instan
e has several features or

even for the feature lists that 
ontain only a single

feature and are 
reated in the �rst part of the axis-

parallel de
ision tree.

� tbox NominalHistogram: This 
reates a histogram for

nominal data.

� dt SplitCriterion: This abstra
t base 
lass represents

the split 
riterion used at ea
h node. The derived


lasses implement the spe
i�
 
riterion, enabling us

to easily add new 
riteria without any modi�
ation to

the rest of the 
ode. The same split 
riterion is used

in the entire de
ision tree.

� dt SplitFinder: This base 
lass represents the approa
h

used to �nd the split - whether axis-parallel, oblique,

CART-LC, et
. The derived 
lasses implement the a
-

tual determination of the split. The SplitFinder used

at any node of the tree 
an vary within the tree. For

example, an oblique SplitFinder may sele
t an axis

parallel approa
h if it is a better 
hoi
e, or if the ex-

amples at the node are too few to justify an oblique

split. Regardless of the 
hoi
e of SplitFinder, the user

independently sele
ts the split 
riterion used to eval-

uate the split. We 
an exploit parallelism within the

SplitFinder 
lass.

� dt TreeNode: This 
lass 
ontains the information on

a node of the tree. It in
ludes pointers to the In-

stan
eArrays stored using a single feature at a time,

the left- and right- hand sides of the split made at

the node, the type of SplitFinder, the 
ount statisti
s

for ea
h feature, and pointers to the 
hildren nodes


reated by the split. On
e the split is determined us-

ing the SplitFinder, the TreeNode obje
t is responsible

for a
tually splitting the instan
es among the 
hildren

node. Parallelism 
an be exploited within this 
lass.

� dt De
isionTree: This is the main 
lass that 
reates,

tests, and applies the tree. It 
an also print out the

tree, save it to a �le, and read it ba
k from a �le.

Starting with a root TreeNode that 
ontains the entire

training set, it 
reates the 
hild nodes by 
hoosing the

appropriate SplitFinder, using the SplitCriterion set

by the user. The single sort that may be required

by some SplitFinders is done at the beginning of the

training of the de
ision tree. Parallelism is exploited

within this 
lass.

3.3 Challenges in Parallel Implementation
Supporting several di�erent options in a parallel de
ision

tree software 
an be 
hallenging as the approa
h taken to

eÆ
iently implement one option 
ould dire
tly 
on
i
t with

the eÆ
ient implementation of another option. An interest-

ing 
ase of this arises in the SplitFinder 
lass. The S
alParC

approa
h, whi
h generates axis-parallel trees, sorts ea
h fea-

ture at the beginning of the 
reation of the tree. As a result,

the features in a single data instan
e 
an be spread a
ross

more than one pro
essor. However, for oblique 
lassi�ers,

we need all the features of a data instan
e in order to eval-

uate a split. If these features are spread a
ross pro
essors,

the 
ommuni
ation required 
ould be extensive with an ir-

regular pattern. This would suggest that for oblique splits,



Figure 3: The UML Class Diagram for De
ision Trees



Figure 4: A FIRST image map with two bent-double galaxies and the 
atalog entries

we should not sort ea
h of the features at the beginning.

However, an oblique split requires the evaluation of an axis

parallel as it sele
ts the better of the two.

This gives rise to an interesting dilemma for oblique splits -

should we sort ea
h feature at the beginning or not? One op-

tion is to have two sets of features, one sorted and the other

unsorted, even though it would almost double the memory

requirements. The other option is to avoid the extensive


ommuni
ation that would result from sorting the data by

approximating an axis-parallel split eÆ
iently on un-sorted

data, as des
ribed next.

The normal way to determine the best axis parallel split,

is to �rst sort the values for a feature, and then evaluate a

split by 
onsidering the split point as mid-way between two


onse
utive feature values. The best split a
ross all features

is 
hosen as the best split at a node. To approximate this,

we 
an generate a histogram for ea
h of the features, and

sele
t as a split value the boundary value of ea
h bin in the

histogram. If the histogram kept tra
k of the 
ount statisti
s

for ea
h 
lass in a bin, we 
ould use this information to

sele
t the best split based on any splitting 
riterion. By


hoosing the bin widths appropriately, we 
an obtain a good

approximation to the axis-parallel split. Related work using

this approa
h is des
ribed in [1℄.

Another issue to 
onsider in the parallel implementation

of de
ision trees is the inherent serial nature of some of

the algorithms. For example, in the CART-LC and OC1

SplitFinders, the algorithm 
y
les through ea
h of the 
oef-

�
ients of the hyperplane to �nd the best value for the 
o-

eÆ
ient, while keeping the other 
oeÆ
ients 
onstant. This

makes the algorithms inherently serial. The Oblique-EA al-

gorithms do not have this drawba
k as they 
onsider all 
oef-

�
ients of the hyperplane at a time. In addition, in the OC1

algorithm, the work done at ea
h node of the tree may vary

based on the initial (random) 
hoi
es made by the algorithm

at ea
h node. This 
ould make load balan
ing diÆ
ult. In


ontrast, the total work done at ea
h node of the oblique-EA

algorithms is �xed, making load balan
ing easier.

A di�erent issue we need to address is the implementation of

parallel de
ision trees on 
lusters of SMPs, where we 
ould

bene�t from both distributed and shared memory program-

ming. This 
ould give rise to interesting solution approa
hes

espe
ially when evolutionary algorithms are used [4℄.

4. MINING THE FIRST DATASET
In this se
tion, we des
ribe an appli
ation in astronomy that

we are using as a test-bed for our work. The Faint Images of

the Radio Sky at Twenty-
m (FIRST) [2℄, is an astronomi-


al survey using the Very Large Array at the National Ra-

dio Astronomy Observatory (http://sundog.sts
i.edu). The

FIRST astronomers are surveying more than 10,000 square

degrees of the sky, to a 
ux density limit of 1.0 mJy (milli-

Jansky). With the data 
olle
ted through 1998, FIRST has


overed about 6,000 square degrees, produ
ing more than

20,000 two-million pixel images. At a threshold of 1 mJy,

there are approximately 90 radio-emitting galaxies, or radio

sour
es, in a typi
al square degree.

While radio sour
es exhibit a wide range of morphologi
al

types, the FIRST astronomers are parti
ularly interested in

galaxies with a bent-double morphology, as they indi
ate

the presen
e of 
lusters of galaxies. Figure 4 has two images

that were identi�ed manually by s
ientists as bent-double

galaxies. This visual inspe
tion of the radio images, besides

being very subje
tive, is also be
oming in
reasingly infeasi-

ble as the survey grows in size. To address this problem, we

are applying data mining te
hniques to the FIRST data to

identify bent-double galaxies in a semi-automated way.

The data from the FIRST survey is available as image maps

and a 
atalog. In Figure 4, we show an image map and



Algorithm Parameter Twoing Gini Info Gain

Error 8.62 (0.58) 8.14 (0.54) 9.17 (0.67)

OC1-AP Leaves 3.63 (0.41) 3.68 (0.42) 4.3 (0.37)

Time 2.97 (0.07) 2.84 (0.06) 4.72 (0.09)

Error 12.76 (0.61) 13.16 (0.39) 14.29 (0.59)

OC1 Leaves 2.9 (0.13) 2.86 (0.12) 2.96 (0.11)

Time 44.73 (1.0) 252 (14.5) 116 (2.1)

Error 13.13 (0.56) 12.51 (0.68) 13.12 (0.64)

OC1-CART Leaves 2.61 (0.16) 2.82 (0.14) 2.69 (0.13)

Time 10.37 (0.27) 9.22 (0.22) 26.64 (1.17)

Error 8.69 (0.58) 8.03 (0.59) 8.83 (0.59)

Oblique-ES Leaves 3.59 (0.41) 3.9 (0.40) 4.24 (0.36)

Time 34.96 (0.92) 34.5 (0.86) 36.21 (0.63)

Error 10.76 (0.65) 8.65 (0.64) 11.96 (0.71)

Oblique-GA Leaves 3.54 (0.14) 3.54 (0.15) 3.71 (0.18)

Time 162 (2.9) 112 (3.2) 170 (3.4)

Table 1: Comparison of di�erent algorithms and split 
riteria on the FIRST data set.

the three 
atalog entries 
orresponding to one of the bent-

doubles present in the image map. These large image maps

are mostly \empty", that is, 
omposed of ba
kground noise

that appear as streaks in the image. The FIRST 
ata-

log [19℄ is obtained by pro
essing an image map to �t two-

dimensional ellipti
 Gaussians to ea
h radio sour
e. Ea
h

entry in the 
atalog 
orresponds to the information on a

single Gaussian. This in
ludes, among other things, the 
o-

ordinates for the 
enter of the Gaussian, the major and mi-

nor axes, the peak 
ux, and the position angle of the major

axis (degrees 
ounter-
lo
k-wise from North).

To apply data mining to the FIRST data, we �rst extra
ted

relevant features for the bent-doubles. From 
onversations

with the FIRST astronomers, we learned that the 
atalog


ould be 
onsidered a good approximation to all but the

most 
omplex of radio sour
es. As a result, we 
ould initially

fo
us only on the 
atalog, without having to use the images

as well. This was fortuitous as feature extra
tion from the

images would have meant extensive pro
essing in order to

de-noise the images without a�e
ting the signal, identify the

galaxies, and then extra
t relevant features.

Our approa
h to feature extra
tion for bent-doubles is de-

s
ribed in detail in an earlier work [6℄. We �rst grouped

the 
atalog entries that were 
lose to ea
h other, and then

fo
used on those groups that 
onsisted of two or three 
ata-

log entries. This was based on the observation that a single

entry galaxy was unlikely to be a bent-double, while four or

more entries in a galaxy would make it 
omplex enough to

be of interest to astronomers anyway. We next extra
ted a

separate set of features for the two- and three-entry galaxies,

fo
using on features su
h as relative distan
es and angles be-

tween entries, that were likely to be robust and invariant to

rotation, s
aling, and translation. Separating the two- and

three-entry galaxies enabled us to have uniform length fea-

ture ve
tors for ea
h. However, it also meant that a small

training set (313 examples) was split further into smaller

training sets of 118 examples for two-entry and 195 exam-

ples for three-entry sour
es, respe
tively.

Our initial experimentation with axis-parallel de
ision trees

on the bent-double problem indi
ated that for the three-

entry 
ase the error was approximately 9%, but the error for

the two-entry 
ase was 
loser to 20%. We suspe
t that the

poor performan
e of the two-entry 
ase 
ould be the result

of a small training set, information in the 
atalog that is

not representative of the images, and possible in
lusion of

non-relevant features while missing the relevant ones. We

are investigating this issue further. For this paper, we will

fo
us on the three-entry radio sour
es.

5. EXPERIMENTAL RESULTS
In this se
tion, we des
ribe some preliminary results for the

bent-double problem using our de
ision tree software. As

mentioned earlier, our training set has 195 examples. Ea
h

example is des
ribed by 103 numeri
 features. In the FIRST

domain, there are two possible 
lasses: an instan
e des
ribes

either a bent or a non-bent galaxy. We evaluated the perfor-

man
e of the �ve di�erent SplitFinder algorithms des
ribed

in Se
tion 3.1 using ten, ten-fold 
ross-validation experi-

ments. For ea
h algorithm, we tried three di�erent impurity

measures: twoing, Gini index, and the information gain.

The results are summarized in Table 1. The table shows the

mean error rate, the average number of leaves of the trees

found (after pruning), and the average time (in se
onds).

The numbers in parenthesis are the standard errors for ea
h

result.

The results show that the oblique-EA algorithms have bet-

ter a

ura
y than the other oblique algorithms. Oblique-

ES and the Oblique-GA 
onsistently give better solutions

than OC1 and OC1-CART (the version of CART-LC im-

plemented in the OC1 software). The Oblique-ES trees

have approximately 30{40% fewer 
lassi�
ation errors than

the existing oblique DTs, and the Oblique-GA has approx-

imately 15{35% fewer errors. In all 
ases, the evolutionary

algorithms are faster than the original OC1, but CART is

the fastest overall oblique DT. However, the a

ura
y of the

best oblique trees is not signi�
antly di�erent than the axis-

parallel trees, and it seems that AP trees are a good 
hoi
e

in the FIRST domain.



rs3_
ore_angle > 170.4:

:...
e
_ellipti
ity <= 2.116: 1 (13.0)

: 
e
_ellipti
ity > 2.116: 5 (2.0)

rs3_
ore_angle <= 170.4:

:...paira
_rel_dist <= 9.423: 5 (143.0)

paira
_rel_dist > 9.423:

:...pairab_angle_geom <= 58.6: 5 (4.0/1.0)

pairab_angle_geom > 58.6:

:...
e
_rms <= 0.137: 5 (5.0/2.0)


e
_rms > 0.137: 1 (9.0)

Figure 5: An axis-parallel de
ision tree for the FIRST domain.

The table also shows that the solution a

ura
y improves

slightly when the Gini index is used to evaluate the splits,

ex
ept for OC1 where the Twoing rule gives the best re-

sults. The di�eren
es in a

ura
y are not signi�
ant, how-

ever, ex
ept in the 
ase of the GA. The tree sizes also seem

una�e
ted by the split evaluation 
riteria, but in some 
ases

there are large di�eren
es in the training time. The Gini

index seems to need the shortest training times for all al-

gorithms ex
ept OC1, but some of the di�eren
es are not

signi�
ant.

The di�eren
es in training time may be 
aused by several

fa
tors, whi
h we are 
urrently investigating. We suspe
t

that some 
ombinations of algorithms and split impurity

measures result in not-so-good splits near the root of the

tree for this parti
ular problem. If this were the 
ase, the

algorithm would 
ontinue to split the data until it �nds rela-

tively pure partitions, whi
h requires additional hyperplane

evaluations and longer training times. If good splits are

found near the root, the algorithm would stop earlier, re-

quiring a shorter training time. Note that the slowest algo-

rithms are also the least a

urate, whi
h is 
onsistent with

our hypothesis.

We are also trying to better understand why the axis-parallel

trees work so well in this problem. Figure 5 shows a typi
al

axis-parallel tree. The output lists the feature sele
ted at

ea
h node and the value it is 
ompared against. The number

after the 
olon indi
ates a leaf node, where the number is

the 
lass assigned to the leaf (5 is a bent double, while 1

is a non-bent double). The numbers in parenthesis at ea
h

leaf node, (a=b), indi
ate that of the total samples a at that

node, (a� b) samples belonged to the 
lass assigned to the

leaf node, while b samples were of the 
lass not assigned to

the leaf node. This tree has a depth of four, with six leaves.

Our 
onversations with the FIRST astronomers indi
ated

that the axis-parallel tree agreed with their approa
h to the

identi�
ation of a bent-double. Further, the features se-

le
ted by the tree, su
h as the relative distan
es and angles,

were very relevant. Note also that the leaf nodes tend to

be very pure, that is, they are 
omposed of only one 
lass.

Also, a substantial per
entage of the examples (90% = 158

out of 176) have been 
orre
tly 
lassi�ed by a tree of depth

two. In addition, 81% of the examples (143 out of 176), 
an

be 
lassi�ed as bent-doubles based solely on two features

using axis parallel hyperplanes. All these observations seem

to indi
ate that the 
lassi�
ation of bent-doubles, based on

the features we have extra
ted, is a problem very well suited

for axis-parallel trees.

These observations may also give us a possible approa
h to

sele
ting a de
ision tree algorithm for a problem. Sin
e axis-

parallel trees take relatively little time to generate, even for

large trees, we 
an easily generate one to understand how it

partitions the feature spa
e. If it 
reates a very large tree,

with few samples at ea
h leaf, and leaves with low purity,

an oblique 
lassi�er may be a better solution. In su
h 
ases,

oblique 
lassi�ers based on evolutionary algorithms, su
h

as the ones proposed in this paper, 
an be an attra
tive

alternative to the standard oblique 
lassi�er.

6. SUMMARY
In this paper, we dis
ussed our design goals for a paral-

lel obje
t-oriented software toolkit for mining s
ienti�
 data

sets. We have des
ribed how our design 
an meet the diverse

needs of our appli
ations. Fo
using on a spe
i�
 example,

namely de
ision trees, we presented some of the 
hallenges

we fa
e as we implement several di�erent variants of de
i-

sion trees within a parallel framework. We also des
ribed

brie
y our approa
h to addressing these 
hallenges and our

experien
es with an astronomy data set.
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