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Abstract

Data mining systems aim to discover patterns and extraftliséormation from facts recorded in
databases. A widely adopted approach is to apply machimeitgpalgorithms to compute descriptive
models or classifiers from the available data. Two of the rohallenges in this area are that i) databases
are large and possibly physically distributed, and ii) datacost-sensitive, or examples in the databases
usually have different prices or benefits (such as charibation amount) that require an effective model
to be more accurate towards examples with higher benefite, Me explore the development of tech-
niques that address both issues to scale up cost-sensitavenihing. One naive approach for distributed
data mining is a centralized system that ships all availdata from different sites onto a single site to
learn a global model. Besides its obvious communicatiomtead, this approach is ineffective due to
many practical concerns. The second approach is a padialijbuted system that coordinates learning
among multiple sites by exchanging both temporarily ledmedels and limited amount of data. Their
control mechanisms are usually complicated, which reditsegalability, ease of use and verifiability.
In this paper, we propose a fully distributed system wheoh aite computes its models locally without
interacting with any other sites. The probability outputsifferent local models are coalesced together
by heuristics to produce the final output. Our framework alddresses other important issues such as
heterogenous platforms, multiple schemas, multiple legralgorithms, incrementability, security, and
fault-tolerance. We evaluate our framework through extersmpirical studies. Our results have shown
that the fully distributed learning approach achieves aigdccuracy than both the centralized and par-
tially distributed learning methods, however, it incursahudess training time, neither communication

nor computation overhead.
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1 Introduction

During the last two decades, our ability to collect and staa has significantly out-paced our ability to
analyze, summarize and extract “knowledge” from the camtirs stream of input. A short list of examples

is probably enough to place the current situation into potge:

e Atypical credit card company processes millions of newdeations on a daily basis.

e NASA's Earth Observing System (EOS) of orbiting satelliéesl other space-borne instruments send

one terabyte of data to receiving stations every day.

e Atypical affiliate marketing company records nearly 1 bifliclick-through data on a normal business

day.

Traditional data analysis methods that require humansdoess large datasets are completely inadequate
and to quote John Naisbett, “We are drowning in informatiohdbarving for knowledge.”

Data Miningis the complex process of identifying valid, novel, potalyi useful and ultimately un-
derstandable patterns in data. In a relational databagextpr typical data mining task is to explain and
predict the value of some attribute given a collection otégwith known attribute values. One means of
performing such a task is to employ various machine learalggrithms. Given a set of training examples
of the form,S = {(x1,¥1),---, (Xn,yn)}, for some unknown functiop = f(x), the learning task is to
compute aclassifierthat approximates the true function to correctly label axgneples drawn from the
same source as the training set. We denote classifiets; by ., C;,. The x; values are feature vectors
whose components are discrete- or real-values, for exartideamount of purchase, merchant category,
location of the merchant, its distance from the billing addr, payment history information, frequency of
purchase, etay; is called theclass label and it is drawn from a finite set, such gfraud, non fraud}.

One of the main challenges in machine learning and data migitihe development of inductive learning

techniques that scale up to large and possibly physicadlyiblited datasets. Many organizations seeking



added values from their data are already dealing with ovelmimg amounts of information. The number
and size of their databases and data warehouses grows ainpéeal rates, faster than the corresponding
improvements in machine resources and inductive learmogniques. Most of the current generation of
learning algorithms are computationally complex and nexjall data to be resident in main memory which
is clearly untenable for many realistic problems and daeda Furthermore, in many cases, data may
be inherently distributed and cannot be localized on anyroaehine (even by a trusted third party) for a
variety of practical reasons including security and faalkttant distribution of data and services, competitive
(business) reasons, statutory constraints imposed bydavetas physically dispersed databases or mobile
platforms like an armada of ships. In such situation, it matylre possible, nor feasible, to inspect all of the
data at one centralized processing site to compute one gyrifplabal” classifier.

Lately, cost-sensitivdearning has been an area of extensive research intergstin[hany areas of
application where different examples carry different Bigseit is not enough to maximize the accuracy
based on the simplifiedost-insensitiveassumption that each example has the same benefit and timere is
penalty for misclassification. For example, credit carddrdetection seeks to maximize the total transaction
amount of correctly detected frauds minus the cost to iyt all (correctly and incorrectly) detected
frauds. Undetected fraud causes a loss of the whole tramsahount;it is far more profitable to detect
frauds with high transaction amount than those whose anismiat even higher than the cost to investigate.
Charity donation seeks to maximize the total benefit madef tipeosum of all donated charities minus any
costs to send campaign letters to potential donors. Siyilzatalog mailing merchants maximize the total
benefit comprised of the profit minus the cost of mailing agslto all potential buyers.

In this paper, we are interested in studying accurate andiesffi frameworks for distributed cost-

sensitive learning.



1.1 Our contribution

We develop a framework to perform distributed cost-saresittarning using ensemble of classifiers, and
maintain similar or even better benefit than the centraliggstem that trains a single “global” model by

shipping all data from each site onto a single site. Basesifias or models are trained from each dis-
tributed data subset. To classify an unknown instance, ithiegbility and benefit outputs of multiple base

classifiers are combined using various heuristics to pedie final prediction. We propose and evaluate
two types of distributed learning systemdl]y distributedandpartially distributed using two different ways

of combining.

In the fully distributed approach, each distributed sitenpates its model locally without any interac-
tion (neither model nor data exchange) with any other sitesgfore, the method has “zero” communication
and computation overhead. To classify an unknown daturmprbieabilistic prediction by multiple models
are combined together using variationsavkraging We identify a few properties of both averaging and
cost-sensitiveoptimal decision-makingDue to these properties, fully distributed averaging piide has
good potential of higher benefit in addition to its obviousattage of high scalability and zero commu-
nication and computation overhead. Our study has showrthibdtlly distributed averaging ensemble (of
probabilities and benefits of base classifiers) gain extebenefit while avoiding both computation and
communication overhead.

In the partially distributed approach, learning among ipldtsites are coordinated and synchronized.
Both models and limited amount of data are exchanged amatigipating sites. Tree-structured methods
or meta-learnind1] have been demonstrated to be accurate to combine clads [@e. fraud andnonfraud
for cost-insensitivelistributed learning, or each example has the same cosharelis no additional penalty
for misclassification. It learns the correlation of base sigdpredicted class labels to the true class label.
The tree is built bottom up; it recursively combines a few eledat a time until a tree is constructed. Both

models and data are exchanged among multiple sites, andradlipating sites have to be coordinated and



synchronized. One form of tree-structured methods havdrgtia communication overhead. We propose
partially distributed learning methods that use variagiohmeta-learning. Our studies have found that these
more complicated methods yield neither higher benefit (ouaacy) nor less overhead than the simpler fully
distributed averaging ensembl€he conclusion of our study is that the fully distributed m@ghes based
on averaging is an accurate framework for distributed andtesensitive data mining and it has neither
communication nor computation overhead.

The high accuracy and zero overhead of the fully distribagggloach via averaging ensemble will solve
a lot of practical problems. The intrinsic parallelism of ltiple sites can be fully used. Since there is no
communication overhead, the total training time is onlyrdmed by the slowest site. For applications where
reliable connection is impossible (such as military and ieotomputing), participating parties cannot be
interconnected due to security and statuary reasons (sutifferent banks), the fully distributed averaging
ensemble is appropriate. Since the number of classifiersat@sce is not predefined and can be changed
at any time without any further computation, it providesthabbustness and fault-tolerance. If one site
is down or decides not to participate, the other sites woa'influenced and the fully distributed learning

proceeds without interruption.

1.2 Difference from previous work

In previous work [3], we have evaluated similar methods fmalable learning of very large dataset on a
single site. The focus of this paper is on distributed cesisgive learning, where the data physically reside
on different machines across the network. There are sedistaictive concerns in distributed data mining;

these include communication overhead, computation oaethenbalanced dataset size, fault-tolerance,

security, heterogeneous platforms, and incrementalitegrn



1.3 Organization

The rest of the paper proceeds as follows. In Section 2, veaisisthe optional decision-making policy and
two of its important properties that are used to design tetiduted learning algorithms. We also review the
probability and benefit calculation methods. We discusslétails of the new methods in Section 3. We also
analyze the overhead of these approaches in Section 3.2Xpkeeimental desigh and results are presented
in Section 4. In Section 5, we discuss some important issbidstwibuted cost-sensitive learning. Related

work are reviewed in Section 6. The paper ends with a conofudimark and future work in Section 7.

2 Background on Cost-sensitive Decision Making

We discuss some principles of cost-sensitive learningdhatecessary to design an effective distributed
cost-sensitive learning algorithm. We start with an exaqfl cost-sensitive learning. Suppose that the
cost to investigate a fraud for a credit card transactiois $90 and the amount of transaction foris

Y (x). In this case, theptimal decision-making policig to predictz being fraud if and only if R(z) =
P(fraud|z) - Y (z)) > 90, whereP( fraud|x) is the estimated probability thatis a fraud.R(z) is called
therisk to solicit z.

This policy has a few interesting properties. For simplicive useP(z) instead of P(fraud|z) to
denote estimated probabilities. First, the exact valu® @f) is not important as long as it does not switch
from above to below (or vice versa)decision threshold The decision threshold@' () is the threshold to
predictz beingpositiveor fraud in this example. For credit card fraud detectiB(y) = % Re-writing
the optimal decision policy using decision threshold, iflamly if P(x) > T'(x), the optimal decision is
to predict fraud; otherwise, the decision is nonfraud. lameethat the exact value &f(z) is not crucial; if
T'(z) is 0.2, bothP(x) = 0.4 and 0.5 produce the same predictions. We call this property-tolerance It
makes probability estimate resilient to small errors. Téeslon-making policy is biased towards predicting

expensive examples (those with hitix)) to be positive. Sinc&'(z) o

) T(z) is small for expensive



instances. Itis more likely foP(z) of expensive examples to be higher tH8fx). We call this property
expensive example biaBoth properties help us design effective combining meigmas (Section 3.3).

Next we discuss several approaches to compiite), and alsoy (z) if not given.

2.1 Computing Probabilities and Benefits

We discuss how to compute probabilities fratacision treesone of the most commonly used inductive
learning algorithms. Decision tree algorithms build a wééeature testssuch as “if gender=male” and “if
salary< 90". Each feature test at a node of the tree splits the datgggbrough the node into two subsets
according to the result of the test. A prediction is made wihendata at a node has only one single class,
such adraud, or cannot be distinguished further in which case the migjatass will be predicted. Two
of the most effective methods to compute probabilities ap@sed by Zadrosny and Elkan [12] include
raw probability andcurtailed probability Suppose thatis the number of examples apds the number of
positive examples associated with a noew probabilityis defined ag. To computecurtailed probability

or curtailment we stop searching down the tree if the current node hashessstexamples and use the
current node to compute raw probabilities. The exact valigenot critical if v is small enough. We have
usedv=100. Similar probability computing methods can be appieeNaive Bayes Classifiers and Decision
Rules.

For some problems, the benefit for each recorslgiven. For credit card fraud detection, the transaction
amount of frauds is the benefit for correct prediction. Foeoproblems, such as donation and merchandise
purchase, the benefit (donation amount and purchase anisurj known in advance. There are a few
methods to estimate this benefit. In this paper, we employntiigple linear regression method. The dataset
to train the benefit estimator uses different feature set® fhe one to compute probabilities; otherwise,

probability and benefit outputs would be highly correlated.
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3 Distributed Learning Systems

We first discuss fully distributed and partially distribdtapproaches, their communication overhead and

explain why they may work.

3.1 Methods

Assume that there arde participating distributed sites and the data subset at sit¢els denoted aS;, and

a classifierC; is trained fromS;. The classifier outputs a class laligl (e.g. fraud and nonfraud and a
member probability?; (x) (€ [0, 1]) for each testing exampte. For problems for which the benefit ofis

not known in advance (such as charitable donation), a siepdataset is used to compute a model (such as
linear regression) to estimate this benefit. Similarlys iataset is partitioned, and a mod@(z) is built
from each partition.R,;(z) = P;(x) - Yi(x) is the individual risk of corresponding base models. In this
section, we propose several methods on how to combine theduodl probabilities, risks or class labels to
compute a global or combined risk. We W3¢r), Y (z) andR(z) to donatecombined probabilitycombined

benefit estimateandcombined riskespectively.

Fully Distributed  As shown in Figure 1(a), each site computes its model loeeiligout interaction with
any other sites, i.e., neither data nor model exchange. egoestly, it incurs neither communication nor

computation overhead.



One straightforward approach is to simply average indidisks to compute combined risk,

_ Y Ri(s) _ £ P(x) Yilx)
k k

Simple Averaging : R(x) Q)

Alternatively, we can combine probabilities and estimateparately by averaging and then multiply

them together. Using simple averages, averaged proliebiind averaged estimates &g, (z) = Eii(z)
andYyy,(z) = w respectively.
Multiplex Averaging : R(z) = Payg (%) - Yaug() (2)

We useaveragingto refer to bothsimple averagingindmultiplex averagingvhen the meaning is clear
from the contexts. And we usaveraging ensemblio refer to the ensemble combined using the aver-
aging method. Multiplex averaging (formula (2)) is diffatdrom simple averaging (formula (1)) in that
eachP;(z) is multiplied with everyY;(z), then divided byk?. The chance for the combined result being

dominated by a bid’; (z) - Y;(x) is much lower than simple averaging.

Partially Distributed Learning In partially distributed learning as shown in Figure 1(earning is dis-
tributed, coordinated and synchronized among several. sBeth models and limited amount of data are

exchanged among multiple sites. Typically, it proceedsiafollowing steps.

1. Each site computes its model locally.

2. Each site broadcasts its local model to all other sites.

3. Each site predicts with all models on a subset of its loasd.d

4. Subset of the predictions and true values are broadcaghtyr all or a few sites.
5. Either all or a few sites computes new models locally.

6. Iterate until a stopping condition is met.

Partially distributed algorithm usually incurs some antoainboth communication and computation over-

head. Previously, tree-structured methodnmeta-learning[1] has been demonstrated to be effective to
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combineclass labelqsuch adraud andnonfraud for cost-insensitivgoroblems. Here, we borrow similar
ideas forcost-sensitivgoroblems. Meta-learning constructs a tree of classifierst us use a binary tree
as an example. In the first level of the tree, each base ctssifll be randomly paired with another base
classifier. Folk distributed sites, there will b§ pairs in total. Each pair of base classifiers will be combined
using some method and a combining classifier will be comptdesbmbine a pair of base classifiers. In
order to produce the data to train each combining classifiidsase classifiers are exchanged ambsges,
and a subset of predicted labels and true labels from aflitgidata on all distributed sites is chosen and
transfered to one single siteThe random selection of examples is to avoid possibly uferm distribution

of data among: sites. After generating the first level of combining classifj the resultang combining
classifiers are combined in the same manner. This processqu® recursively until a tree of combining
classifiers with deptiog, (k) is constructed.

One of the most effective meta-learning methodmimbineror stacking[11]. It learns the correlation of
predicted labels (such &sud andnonfraud of base classifiers to the true class label of the same exampl
The training set to generate a combiner contains the peztliebels by two base classifiers and the true
label of the same example such aq(Ci(x), Ca(z)), label(x)) or ((fraud, nonfraud), fraud) for one
particular example. The original proposal of meta-learning outpciass labelgfraud andnonfraud at the
root of the tree. We manipulate the root of the combiner toeautput probabilitiesP,,.piner () (€ [0,1])
using the method described in Section 2.1.

The second method is to use regression to directly combiteapilities instead of class labelB;(xz)’s
(the probability output of base classifiers) are intergteds independent variables and true probabili-
ties (1 for positives and O for negatives) of the same exasngfe used as dependent variables to com-
pute a regression modek,.,(z) : (Pi(z),...,Pw(z)) — {0,1}. The examples: are chosen from
the complete training set. Benefit estimates by base modeldbe combined similarly using regression,

Yieg(z) : (Yi(2),...,Yw(z)) — y(z). Whenk' is big, training a regression model can be very inefficient.

IThis is the most accurate and simplest way of meta-learinkis thesis [1], Chan discusses more sophisticated method

10



Instead, we generate a binary tréé £ 2) of regression models that resembles a meta-learning $rgest
described.

Depending on how the estimators are combined, we have

Combiner Averaging : R(x) = Peompiner () - Yaug (1) 3
Combiner Regression : R(z) = Peompiner (%) * Yreg() (4)
Averaging Regression : R(x) = Pyyg() - Yyeg() (5)
Regression Averaging : R(z) = Preg(z) - Yaug () (6)
Regression Regression : R(x) = Preg() » Yyeg(z) (7)

If the benefit is given, we don't need to combine estimatedfitm thus there are three uniqgue methods

to combine probabilitiesveraging: Py, (z), Regression: Py, (x) andCombiner: Poompiner (2)-

Centralized Algorithm As a comparison, we also describe the centralized algorithRigure 1(c). In
centralized algorithm, the data from each participatirnigssare first sent to a single site. A global model
is computed at that single site. Obviously, it suffers froea¥y communication overhead to send all the
data. In addition, most of the learning algorithms’ comileare worse than linear and request data to be
resident in main memory. For example, decision tree ledrasra complexity 0O (n - log(n)). If the data

is too big or cannot fit into main memory in the worst case, @ avill be swapped in and out, and training

will be too slow.

3.2 Overhead Analysis

The total time to compute a model across a number of distibaites consists of the training time of the

slowest site, computation and communication overhead.

Total Training Time = slowest site + communication overhead + computation overhead (8)
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Fully Distributed Partially Distributed Centralized
Communication Overheag 0 2k* models +3n numbers or labels | n original data points|
Computation Overhead 0 ci-1-O(f(%,2))+c3-(2k=1)-n 0
Slowest site s - O(9(Nmaz)) 2 - O(g(Mmaz) c2 - O(g(n))

Table 1: Overhead analysis.is the number of distributed sité.= log, (k). n is the number of examples
across alk sites.O(f (N, K)) is the complexity of the algorithm to train the combiner ggresssor, which
depends on both the number of examples and number of featuygs is the size of the largest dataset at
one of thek sites ancth,,,., < n. (2k — 1) - n is the complexity to test all on training examples using all
2k —1 =k + k — 1 models in the treeD(g(N)) is the complexity of the learning algorithm to train on the
training set.c;, co andcg are constants.

We assume that there akedistributed sitesk = 2! and the total number of training examples from/all
sites isn.

The fully distributed approach via averaging ensemblermagither computation nor communication
costs. Since each site computes its model locally and imikgpely, the intrinsic parallelism of multiple
systems is taken full advantage of. The total training tisienly bounded by the slowest site, that is of
¢ - O(g(nmaz)) WhereO(g(NN)) is the complexity of the inductive learner amgl,,, is the size of the
largest dataset. As shown in previous work [3], averagirggatble exhibits both linear speedup and scaled
speedup when applied to scale up learning a very large datasesingle site. Linear speedup and scaled
speedup are the best possible.

On the contrary, both meta-learning and regression-baagthlty distributed methods incur commu-
nication and computation overhead. For simplicity, we assthat 2 models are combined at a time, and
a random selection df examples are used to train either the combiner or regress@alled combining
model for short) in the tree. The tree has a total @dr log>(k)) levels andk — 1 combining models. At
each level, all newly learned models are sent to every sithdose the random set ffexamples. Totally,
we transfery) & x ((k — 1) + (g — 1) +... 4+ 1) ~ 2k? models for alll levels. To compute each com-
bining model in the tree,%" predictions and; true values are randomly chosen and sent to a single site.

Considering allk: — 1 non-leaf combining models in the tree, there @re- 1) - 2?" ~ 2n predictions and
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(k—1)- % ~ n true values, oBn numbers or labels to be transfered. Besides transferritegastal models,
tree-structured approach consumes an additional conahioverhead ot; - (K — 1) - O(f(%,2)) to
computek — 1 combining models in serial @i - 1 - O(f(%,2)) in parallel. O(f(N, K)) is the complexity

of the algorithm to train either the combiner or regressdriclv depends on both the number of examples
N and the number of featurfe To produce the training data for the combining models2/ali- 1 (k base
classifiers and — 1 combining models) predict on atl original training data, which brings an additional
overhead of:3 - (2k — 1) - n.

As a comparison, the centralized system has to transfeatdl td one single site for a totaloriginal
data points. The total training time endata points is in the scale 6f(g(n)), which is significantly slower
than O(g(nmaz)) Whenn,,., < n, especially ifn original training examples cannot fit into the main
memory and memory swapping takes place.

As a summary, we list the overhead of all three methods ineTalls a comparison. The fully distributed
averaging ensemble has obviously the lowest “zero” ovethaad the training time&(g(nmqz)) is the
quickest as well. It remains to be seen if its accuracy is ad @s the other more complicated tree-structured
methods, and all distributed approaches will have accusamitar or better than the single “global” model

of centralized learning.

3.3 Desiderata

The total benefit or accuracy of the fully distributed avémggensemble is also potentially higher as ex-
plained below.

The base models trained from disjoint data subsets makenetetted noisy errors to estimate probabil-
ities. It is known and studied by Tumer and Ghosh [9] that aretated errors are reduced by averaging.
The averaged probability may still be different from thelgbclassifier of the centralized system, but the
difference may not make a difference to final prediction duthé error tolerance property (Section 2).

The averaged probability for the fully distributed leamis very likely to have higher benefits than the

13



Figure 2: Cost-sensitive decision plots. The left plot igjeatured for a global classifier of the centralized
system, while the right plot is conjectured for the averageabability of multiple classifiers. Due to the
even-ing effe¢ttwo expensive examples in the bottom left corner are predias positive by the multiple

model.
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“global” classifier because of its “even-ing effect” andbsiger bias towards predicting expensive examples
to be positive. To explain this effect, we use tust-sensitive decision ploEor each data point, we plot

its decision threshol@’(z) (Section 2) and probability estimaf&(x) in the same figure. The sequence of
examples on the-axis is ordered increasingly by théii(x) value. Figure 2 illustrates two exemplary plots.
The left plot is conjectured for global classifier, while tight plot is conjectured for averaged probability
of multiple classifiers. All data points above théz) line (with P(x) > T'(x)) are predicted positive. Using
this plot, we explain theven-ing effectSince probability estimates by multiple classifiers areaurelated,

it is very unlikely for all of them to be close to either 1 or Gidtextremities) and their resultant average
will likely spread more “evenly” between 1 and 0. (that's wiéeven-ing effect” comes from.) This is
visually illustrated in Figure 2 by comparing the right ptotthe left plot. The even-ing effect favors more
towards predicting expensive examples to be posifife:) of expensive examples are low; these examples
are in the left portion of the decision plots. If the estintgpeobability by global classifieP(x) is close to

0, it is very likely for the averaged probabili§’ () to be bigger thar®(x), and consequently bigger than
T (z) of expensive examples and predict them to be positive. Theepensive data points in the bottom

left corner of the decision plots are predicted to be negdiwthe global classifier, however predicted to be
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positive by the multiple model. Due to the even-ing effeggraging of multiple probabilities biases more
towards expensive examples than the global classifier.ig hislesirable property since expensive examples
contribute greatly towards total benefit. Based on the alsowgectured analysis, we think that averaging
will actually increase total benefit.

We employ tree-structured method to design partially itiisted learning. Tree-structured combining
methods have been shown by Chan [1] with the nammefa-learningto be effective to combine class

labels. We explore the possibility of tree-structured mdthto combine probabilities and benefits.

4 Experiment

We have evaluated the distributed learning system on tlypss tof cost-sensitive problems. They differ in
how the profit ofz is obtained and if there is any penalty for misclassificatiesides losing the profit. We
discuss each dataset and different measurements in ouiragpés. This is followed by an analysis of the

experimental results.

4.1 Dataset

In the first problem, neither the probabilify(z) nor the benefiy(x) is known. Additionally, only positive
example carries profit and there is a penalty for false pesitiWe use the donation dataset that first appeared
in KDD'98 competition. Suppose that the cost of requestirdparitable donation from an individualis
0.68, and the best estimate of the amount thaiill donate isY (z) ( the estimated benefit af). In this
case, the optimal decision is to soligitif and only if (R(xz) = P(donate|z)Y (z)) > 0.68. The data has
already been divided into a training set and a test set. Hirdng set consists of 95412 records for which it
is known whether or not the person made a donation and how thadfonation was if the person donated.
The test set contains 96367 records for which similar donatiformation was not published until after the

KDD’98 competition. We used the standard training/testspdits to compare with previous results. The
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feature subsets were based on the KDD’98 winning submisgi@eorges and Milley [4]. To estimate the
donation amount, we use the multiple linear regression aakth

In the second problem, the benefit is known and jtds instance Only positives carry benefit and there
is also a penalty for false positives. We use a credit canadfidetection dataset as explained in Section
2. The dataset was provided by an international bank to Calurdniversity for research in fraud and
intrusion detection. It was sampled from a one year periaicmtains a total of 5M transaction records.
The features record the time of the transaction, mercha, therchant location, and past payment and
transaction history summary. We use data of the last montiesisdata (40038 examples) and data of
previous months as training data (406009 examples).

In the third problem, the benefit is known and itper class(as opposed tper instancg Unlike the
first two problems, both positives and negatives carry benefhdditionally, besides losing the benefit,
there is no additional penalty for misclassification as ggloto the previous two cases. We use the adult
dataset from UCI repository and artificially associate adfieiof 2 to positive class and a benefit of 1 to
negative class for correct prediction. The best decisido redictpositive when (P (positive|z) - 2) >
((1 — P(positive|z)) - 1). We use the natural split of training and test sets, so thdtsesan be easily

duplicated. The training set contains 32561 entries antkteset contains 16281 records.

4.2 Experimental Design

We use total benefit to compare different methods. It is the fwofit obtained to solicit: being positive
according to the optimal decision policy. For the donatiatadet, this is the total donation amount minus
the cost of campaign letters sent to both donors and nonrdoRor the credit card fraud detection dataset,
it is the total correctly detected fraudulent transactiomoant minus the overhead of investigation of both
true positivesftaud predicted a$raud) and false positivenpnfraudpredicted agraud). And for the adult
dataset, this is the total profits of correct predictions.

Since we don’t have truly distributed datasets, we simud&tibuted learning by partitioning a single
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dataset intd: subsets as if there wekedistributed sites. Communication overhead records tla moimber
of bytes to be transferred if these sites were indeed inected across a network. Computation overhead
is the total extra training time to train the combiner or esgor. This is a widely adopted approach to
evaluate distributed data mining algorithms. One impdar&spect of our experiments is to test that the
scalable methods’ total benefit is independent of the nurobsitesk, or the total benefit of distributed
learning across sites is very close to the total benefit of the “global” singssifier of centralized learning
system. We have chosen to use the following number of gar§ific = 8,16,32, 64,128 and256. To
generate these data subset, the original dataset is “d@jlygmpartitioned into smaller pieces.

We used the C4.5 decision tree learning algorithm [7] withmpuning. We obtained the source code of
release 8 and modified it to output probabilities. We meakthie training time of C4.5 on each patrtition

and the complete dataset to measure the empirical scalaifithe ensemble.

4.3 Experimental Result

The total benefit serves as baseline to compare with thehdittd approaches. We then find out how well
the various distributed methods work and how the benefiténfiteenced by the number of sites. Finally,

we evaluate the training overhead of each approach.

Dataset raw curtailment
Donation 12489.6| 13292.7
Credit Card Fraud| 552400 733980
Adult 16255 16443

Table 2: The total benefits attained by centralized learmmeghod of the global classifier. This is the
baseline to evaluate distributed methods.

4.3.1 Total Benefits

The results by the centralized learning are shown in Tableh2ch serve as the baseline to evaluate dis-

tributed methods.
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Donation

Learning Methods raw curtailment
Simple Averaging 13842.6| 14643.3
Multiplex Averaging 13875.8| 14702.9
Averaging Regression|| 13790.7| 14597.5
Regression Averaging|| 13640.4| 14620.5
Partially Distributed| Regression Regression 13545.4| 14512.2
Combiner Averaging || 13420.4| 14310.3
Combiner Regression|| 13200.7| 14207.5

Fully Distributed

Credit Card Fraud Adult
Learning Method raw curtailment raw | curtailment
Fully Distributed Averaging || 808438 | 804964 16235 16435
. o Regression|| 729384 | 784310 15910 16021
Partially Distributed g ) !
Combiner || 738294 789845 15845 15945

Table 3: Average total benefits of ensemble methods ovesrdiit numbers of partitions. Results in bold
font is the best result for that dataset for centralizedtiglgr and fully distributed methods. Comparing
with th baseline results in Table 2. The results by distédunhethods are all better.

In order to compare distributed learning methods, we cateuthe average of total benefits of each
method over different numbers of sitesThe results are shown in Table 3. Since the bepéfij is known
for both credit card fraud and adult datasets, there is nd teestimate it, thus we only need to combine
probabilities usingAveraging RegressiorandCombiner

First we have found that the different distributed methdtipeaxform reasonably well, and they all have
higher benefits than the baseline centralized learning adetfhe fully distributed learning via averaging
ensemble consistently beat the more complicated partigdltyibuted learning via combiner and regression
tree across three datasets. This means that although r@ohadimple, fully distributed learning (both
simple and multiplex averaging) is a very accurate method, @sing more complicated and expensive
methods don't bring extra benefits.

In Table 4 and Figure 3, we plot changes of total benefits gusimtailment averagirfg with growing

number of site& using the fully distributed approach. We can clearly seadts benefits are all higher than

2The results for curtailment simple averaging and multipeeraging are very close for the donation dataset, therefoe

choose to present multiplex averaging result.
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the baseline for all chosénfor both the donation and credit card fraud dataset. Fordnaiibn dataset, the
results fork = 32 andk = 64, 15141 and 15004 respectively, are better than the winnitny ef KDD98
cup, which was 14712. For the adult dataset, the ensemblgodigttotal benefit is higher than that of the
baseline withk < 64, and slightly worse than but still close enough to the baselihent > 64. Whenk
increase, there is a very slow decrease in total benefitshbuendency is very slow. At = 256, the total
benefit still remains higher than that of the single classftie donation and credit card fraud datasets, and
close enough to the baseline for adult (16359 vs. 16443)heutraining cost is much less. It is important
to mention that the training set size of adult (32561) is 8ramaller than donation dataset (95412) and 13

times smaller than credit card fraud dataset (406009).

4.4 Communication and Computation Overhead

Both the communication and computation overhead are oblidufor the fully distributed approach. For
the partially distributed approach, we use credit cardstdtaithk = 256 as an example. The total number
of extra models (combiner or regressor) are 255. Every segrehave 3 parameterg € ag + a121 +
asT9) and each parameter is a real number stored as 8 bytes. Hhetonber of bytes is 24 bytes per
regressor o256 x 511 x 24 bytes = 1Mbytes to transfer all the models. The decision gexeerated for
each combiner is around 100 bytes, so the total bytes toféraalt combiners is approximately 4MBytes.
The additional data (predictions and true values) trandféor both regressor and combiner tree is about
9MBytes @06009 x 3 x 8). The extra time to train the regressors is around 40 minntesrial training
and 9 minutes in parallel; the extra time to train the comfsimgeabout 15 minutes in serial and 5 minutes in
parallel. Besides computing the combining models, bothhodg spend an additional 30 minutes to produce
the training data to compute the combining model.

In our previous work, we have shown that the total trainimgetito compute the fully distributed aver-
aging ensemble with = 256 in parallel is about 5814 times faster than computing a sig@pbal classifier

from all data (without counting the extra time to transfémalta to a single site.)
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Total Benefits
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baseline k=8 16 32 64 128 256
Donation 13292.70| 14151.20| 14534.90| 15141.20| 15004.00| 14932.30| 14453.50
Credit Card Fraud| 733980 821311 819155 816244 811282 788795 772995
Adult 16443 16513 16470 16471 16428 16370 16359

Table 4: Changes in total benefits relative to the numbernte$kiusing curtailed probabilities

Figure 3: Plot of changes in total benefits as shown in Table 4
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4.5 Additional Experiment on Very Large Dataset and Different Learners

We have tested the fully distributed approach on a hugearptakiling dataset on a completely different
learning system. Due to agreement with the merchant, weotaemeal more details about the dataset
beyond what is discussed in this paper. The dataset contallisns of records of ordering history of
the merchant’'s customers. Each record is described by addedf features that profile the customer’s
geographic, demographic, lifestyle and past orderingrinfdion. The merchant need to choose the subset
of customers to solicit catalog (about $5 per copy) in ordantiximize profits. The learning task is very
challenging due to the large size of the dataset and hugeetufifeatures and cost-sensitive nature of the
problem. Due to proprietary reasons, the dataset has torberrulesignated learning system which uses
variations of Naive Bayes and Linear Regression. We hawtoraly partitioned training set into 5 subsets.
All five base classifiers were computed concurrently on theeseomputer that the centralized global model

was trained (on the 5 subsets as a whole). The total profitdoglibal model for the centralized learning
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Figure 4: Decision threshold and probability output by calized single model and 256-classifier fully

distributed averaging ensemble for credit card dataset
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is $14160.5 while the fully distributed averaging ensentide achieved a profit of $15009.5, which is an
increase of 7% over the single model.

We have also tested the donation dataset on this learnitgnsys/hich uses variations of Naive Bayes
and Regression that are different from C4.5, and obtaingidehiprofit and less training time with the fully

distributed averaging ensemble approach.

4.6 Explanation

We explained the reason in Section 3.3 why averaging may patemtially higher benefits. The empirical
results verified our conjecture. As an example, in Figureelplat decision plots (as defined in Section 3.3)

for the credit card fraud dataset. We choose raw probaleitymates and = 256 for the averaging
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ensemble. The number on each plot shows the number of exsim®seP(z) > T(x) (predicted as
frauds). The top two plots are fraudulent transactions andd bottom plots are non-fraud. The overall
effect of the averaging ensemble increases the numberepsitives from 1150 to 1271 and the number
of false positives from 1619 to 2192. However the averagestretion amount of the “extra number” of
detected frauds by the ensemble (121=1271 - 1150)) is ard2#d0, which greatly overcomes the cost of
extra false alarm ($90 per false alarm). For problems lilglitrcard fraud, donation and catalog mailing
where positive examples have varied profits and negativmpbes have low or fixed cost, the ensemble

methods tend to beat the single model.

5 Discussion

Compared with both centralized and patrtially distributgstems, the fully distributed averaging ensemble
has several advantages besides its zero communicationoamglitation overhead. Since base models are
computed independently on the local sites, it takes fullaatlhge of the intrinsic parallelism of multiple
systems. As shown in our previous work [3], the fully distitibd averaging ensemble has both linear
speedup and scaled speedup. The method is simple and gtaigind, and doesn't require complicated
control mechanism, if any. Since each site is computed igidally without any communication, they don'’t
have to be inter-connected, and can be completely detachtgt iextreme case. For applications where
securityis a major concern, averaging ensemble provides a satsfasolution; there is no information
exchange during learning, consequently, little oppotjuto leak and steal information. It also provides
a natural solution foheterogeneous systemsiltiple schemaandmultiple learning algorithmseach site
can totally use its own code, own system and data format (egacy system) to compute its local models.
As long as the format of the models are interchangeable ott&d models can be shared and exchanges to

form the averaging ensemble with ease. Since each learndoggure is totally independent, the failure

3To show these numbers clearly on the plot, we don't plot theosmmding data points around the text area
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of one site will not influence the other sites at all, whichyide naturalfault-tolerance When more sites
decide to participate in the ensemble, their models canibedaat any time; when some sites have new
data available, their model can be upgraded at any time gtacesthe older model. This provide an easy
solution forincrementability

Unbalanced dataset size may be an important issue for sgolieadjpns of distributed data mining; the
size of the dataset at different site may be very differergize. Big dataset may dominate both training
time and accuracy. Since the accuracy of averaging ensaetfobkn’t depend oh, the number of sites, we
can always make data size at different site similar. Acgjuathen the dataset at one site is partitioned into

data subsets, the learning on this site alone (sequentiratiel) also improves.

6 Related Work

There has been extensive research on distributed datagniowever, they mostly focus @most-insensitive
problems where each example has the same price and therpasalty for misclassification. Chan’s meta-
learning [1] builds up a tree of classifiers to combiriass labelsto scale upcost-insensitivdearning.
Neither probability nor benefit is combined or used in malangrediction. Meta-learning has been imple-
mented as Java based Meta-learning System or JAM [5]. Irem&hlearning, such as ID5 [10], assimilates
one or a few example at a time. The temporary model from poeviearned site can be transfered to other
sites to complete learning; however, the intrinsic paliahe of multiple systems are not taken advantage
of, and the modification to make each algorithm incremestalgorithm specific. SPRINT [8] utilizes data
structure to scale up decision tree learning on very largaseg; but it doesn’'t handle distributed learning
among multiple sites. Some researchers parallelize spedgforithm, such as DRL rule-based algorithm
for multi-processor learning [6], to solve distributedri@iag problems. Like incremental learning, each

parallel modification is algorithm-specific.
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7 Conclusion and Future Work

We have proposed and evaluated several ensemble approacossbine probabilities and benefits for dis-
tributed cost-sensitive learning. We identify some prapsriof both averaging and optimal decision-making.
Due to these properties, averaging offers higher benefitiditian to its obvious advantage of scalability.
We propose two methods that use averages of probabilitekdemefits for fully distributed learning. Since
tree-structured combining methods have been shown pryitw be effective to combine class labels, we
explore tree-structured regression and variations of Hieataing to combine probabilities and benefits for
partially distributed learning.. We have chosen threeedififit types of cost-sensitive problems for empirical
study.

We have found that both fully and partially distributed nueth achieve total benefit that is as good as
or even better than the global classifier trained on the allae data from every site. The most accurate
approaches are the two fully distributed averaging methatisse total benefit top among all the ensemble
approaches and even consistently beat the centralizedlgitassifier. They also exhibit zero communi-
cation and computation overhead. Our study have also shioatmtore complicated partially distributed
tree-structured methods offer neither lower communicatior computation overhead.

Based on our extensive experimental and analytical studyasfy candidate combining methods, we
find that the fully distributed averaging approaches areffactd/e framework for distributed cost-sensitive

data mining.

Future Work One problem faces all ensemble approaches is the low efficiehmodel deployment
since multiple models have to be used to predict an exampéehate proposed a few pruning methods to
reduce the number of models. The initial results have shbatwtith less than 10% of the original number
of models, we can still achieve the same level of benefit aothygnal averaging ensemble with all the
classifiers. Wherk, the number of site, becomes too big, the averaging ensemdpfenot work well. We

have used several sampling techniques to randomly chidoset of & data subsetsk( < k) to train &’
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models to estimate the performancekahodels. Our initial experiments show that we accuratelyrege

the total benefits within 95% of confidence.
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