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Abstract lected from surveys is highly incomplete and either needs
to be imputed or ignored altogether. In other cases, the base
In spite of the great progress in the data mining field data for the data mining process may itself be only an esti-
in recent years, the problem of missing and uncertain data mation from other underlying phenomena. In many cases,
has remained a great challenge for data mining algorithms. a quantitative estimation of the noise in different fields is
Many real data sets have missing attribute values or val- available. An example is illustrated in [8], in which error-
ues which are only approximately measured or imputed. In driven methods are used to improve the quality of retail
some methodologies such as privacy preserving data min-sales merchandising. Many scientific methods for data col-
ing, itis desirable to explicitly add perturbations to thatd lection are known to have error-estimation methodologies
in order to mask sensitive values. If the underlying data is built into the data collection and feature extraction pesce
not of high quality, one cannot expect the corresponding We summarize a number of real applications, in which such
algorithms to perform effectively. In many cases, it may be error information can be known or estimated a-priori:
possible to obtain quantitative measures of the errorsfn di
ferent entries of the data. In this paper, we will show that
this is very useful information for the data mining process,
since it can be leveraged to improve the quality of the re-
sults. We discuss a new method for handling error-prone
and missing data with the use of density based approaches
to data mining. We discuss methods for constructing error- e In the case of missing data, imputation procedures can
adjusted densities of data sets, and using these densd#ties a be used [10] to estimate the missing values. If such
intermediate representations in order to perform more ac- procedures are used, then the statistical error of impu-
curate mining. We discuss the mathematical foundations tation for a given entry is often known a-priori.
behind the method and establish ways of extending it to very
large scale data mining problems. As a concrete example
of our technique, we show how to apply the intermediate
density representation in order to accurately solve the<cla
sification problem. We show that the error-based method
can be effectively and efficiently applied to very large data
sets, and turns out to be very useful as a general approach e In many applications, the data is available only on a
to such problems. partially aggregated basis. For example, many demo-
graphic data sets only include the statistics of house-
hold income over different localities rather than the
1 Introduction precise income for individuals.

e When the inaccuracy arises out of the limitations of
data collection equipment, the statistical error of data
collection can be estimated by prior experimentation.
In such cases, different features of observation may be
collected to a different level of approximation.

e Many data mining methods are often appliedd®-
rived data sets which are generated by statistical meth-
ods such as forecasting. In such cases, the error of the
data can be derived from the methodology used to con-
struct the data.

The results of data mining are often subtly dependent upon
While data collection methodologies have become in- the errors in the data. For example, consider the case illus-
creasingly sophisticated in recent years, the problem-of in trated in Figure 1. In this case, we have illustrated a two di-
accurate data continues to be a challenge for many data minmensional binary classification problem. It is clear that th
ing problems. This is because data collection methodolo-errors along dimension 1 are higher than the errors along
gies are often inaccurate and are based on incomplete odimension 2. In addition to a test exampie we have il-
inaccurate information. For example, the information col- lustrated two training examplés and Z, whose errors are



Error of Z

illustrated in the same figure with the use of oval shapes.
For a given test exampl&, a nearest neighbor classifier
would pick the class label of data poihit However, the Error of X
data pointZ may have a much higher probability of being
the nearest neighbor t& than the data point”. This is
because the data poiat lies within the error boundary of Error of Y
Z. Itis important to design a technique which can use the
relative errors of the different data points over the differ
ent dimensions in order to improve the accuracy of the data  Figure 1. Effect of Errors on Classification
mining process. o Centroid 2

Thus, it is clear that the failure to use the error infor- )
mation in data mining models can result in a loss of accu- emr0|d 1
racy. In this paper, we will provide a general and scalable Error Behavior of X
approach to uncertain data mining with the use of multi-
variate density estimation. We will show that density es- Figure 2. Effect of Errors on Clustering
timation methods provide an effective intermediate repre-
sentation, which captures information about the noise in
the underlying data. The density estimate can be leveragednd NV points andd dimensions. The actual records in the
by designing an algorithm which works with error-adjusted data are denoted hi(;, Xy, .. . We assume that the
densities rather than individual data points. As a specific €stimated error associated W'th tﬂ‘h dimension for data
example, we will discuss the case of the classification prob-point X; is denoted byy;(X;). The interpretation of this
lem. As we will see, only a few minor modifications to error value can vary with the nature of the data mining ap-
existing methods are required in order to apply the methodPplication. For example, in a scientific application in which
a density based representation of the data. In general, wéhe measurements can vary from one observationto another,
expect that our approach can be used for a wide Variety ofthe error value is the standard deviation of the observation
data mining applications which use density estimation as anover a large number of measurements. Ih-anonymity
intermediate representation during the analytical preces ~ based data (or incomplete data) mining application, this is

In order to improve the scalability of our technique, we the standard deviation of the partially specified (or impilite
show how to use a Compression approach in order to gen_ﬁelds in the data. Even thOUgh the error may be defined as a
eralize it for very large data sets. This goal is achieved by function of the field (or dimension) in most applications, we
developing a density estimation process which works with have made the most general assumption in which the error
(error-adjusted) micro-clusters in the data. The statsif is defined by both the row and the field. This can be the case
these error-adjusted micro-clusters are used to compute & many applications in which different parts of the data are
kernel function which can be used to estimate the densityderived from heterogeneous sources.
in a time proportional to the number of micro-clusters. Fur-  The idea in kernel density estimation [11] is to provide
thermore, since the micro-clusters are stored in main mem-2& continuous estimate of the density of the data at a given
ory, the procedure can be efﬁcient|y app“ed to very |arge pOint. The value of the denSity ata given pOint is estimated
data sets, even when the probability densities need to re-2s the sum of the smoothed values of kernel functioh§ )

computed repeatedly in different subspaces during the min-a2ssociated with each point in the data set. Each kernel func-
ing process. tion is associated with a kernel widthwhich determines

This paper is Organ|zed as follows. In the next Sec“on the level of SmOOthIng created by the function. The kernel

we will discuss the method of density based estimation of €stimationf (z) based oV data points and kernel function
error-driven data sets. In section 3, we will discuss the ap- (") is defined as follows:

plication of the procedure to the problem of classification. N

We \_N_|II sho_w how touse the error estimates in order to gain F(z) = (1/N) - Z K} (z — X;) (1)
additional information about the data mining process. In

section 4, we will discuss the empirical results. Section 5 L

contains the conclusions and summary. Thus, each discrete poidf; in the data set is replaced by
a continuous functiotk’;, (-) which peaks afX; and has a
variance which is determined by the smoothing parameter
h. An example of such a distribution would be a gaussian
kernel with widthh.

i=1

2 Kernel Density Estimation with Errors

We will first introduce some additional notations and N
definitions. We assume that we have a datalsetontain- Kl (z—X;) = (1/V2r - h) - e~ @ X0*/@h%) ()



The overall effect of kernel density estimation is to con- bandwidthh tends to zero by the Silverman rule) the kernel
vert the (discrete) data set into a continuous density esti-function reflects the errors in each data point accuratedy. A
mate by replacing each data point with a smoothed “bump”, in the previous case, the error-based density at a given data
whose width is determined by. The density distribution at  point is defined as the sum of the error-based kernels over
agiven coordinate is equal to the sum of the contributions of different data points. Therefore, we define the error based
all the “bumps” represented by the data points. The resultdensityf< at pointz as follows:

is a continuous distribution in which the random artifacts N

are suppressed and the density behavior provides a global —g 20X = (1/N) - Y — X (X 4
overview of the dense as well as sparsely populated regions o, 9 (X)) = (1/N) ; @ p¥&) (@)

of the data. The estimation error depends upon the kernel | ) . . )
width / which is chosen in a data driven manner. A widely S in the previous case, we can easily generalize the defi-
used rule for approximating the bandwidth is the Silverman Nition to the multi-dimensional case. Specifically, theoerr
approximation rule [11] for whicth may be chosen to be  [0r the jth dimension is denoted by, (X;). The overall

1.06 - o - N~/5 whereco? is the variance of théV data kernel function is defined as the product of the kernel func-
points. It has been shown [11] that for most smooth func- tion for the different dimensions. - ,
tions K7, (-), when the number of data points goes to infin- Our aimis to use the joint propabll|ty der}s_ltles over dif-
ity, the estimatoif (z) asymptotically converges to the true ferent subspaces in order to design data mining algorithms.

density functionf (z), provided that the widtt is chosen 1S IS much more general than theivariateapproach for
using the above relationship. For tHedimensional case, ~Privacy preserving data mining discussed in [3], and is ap-

the kernel function is chosen to be the produat afentical  Plicable to a much wider range of error-based and privacy-
kernelsk; (-), each with its own smoothing parameter preserving ap_)proaches, since it does not require the proba-
The presence of errors can change the density estimate?'“.ty d|str|bl_Jt|on of the noise in the data. This joint prob

because of the different levels of error in different ergtrie a_b|I|ty density may n(_eed to be repeatec_ily computed_ over
or fields. For example a data point or field with very large different subsets of d|men_3|ons for part|cula_r da_lta_ mining
error should affect the density estimation of its localdyat problems. If theddata seft IS too Iargedto maintain in r:na(;n
smaller extent than one which contains small errors. When;nerr;]ory, We neel to ?er: o(rjm re_peate gifsses ovetr)t N a;ta
estimations of such errors are available, it is desirabie-to ~ '°" the computation of the density over different subsets o

corporate them into the estimation process. A direct way of dlmsgnsmphs_». tion d ; | Il for | dat
doing so is to adapt the kernel function so that the measure- Ince this (:jp |ond oe;s no Scﬁ edvery we dor argﬁ ‘Za
ment errors are taken into account during the calculation S€tS: We need to develop methods to condense the data

of the density distribution. Correspondingly, we define the innts into a smaller number qjseudo-po_intsbu'; W?th
= slightly larger error. Such an approach is easily imple-

following error-based kerne]; (z — X;, ¥ (X;) function, . ,
which depends both upon the error as well as the values Ofme_ntat_mle fo_r Iarg(_er data sets, since the pseudo—pomtse:an b
the underlying data points. mamtamec_j in main memory fo_r the cpmputanon of the_den-
sity over different subsets of dimensions. However, this re
—e—x)? quires us to modify the method of computation of the error-
Q) (z—X;,v(X5) = (1/V2r - (h +9(X;)))-e 22D pased densities using micro-clusters [2] instead of indivi
) ual data points.
The overall effect of changing the kernel function is that th
width of the bandwidth along the corresponding dimension 2.1 Scalability for Large Data Sets
is increased by)(X;). The intuition behind this choice of
modifying the kernel is to adjust the contributions of the =~ The method can be generalized to very large data sets
kernel function for a point depending upon its (error-based and data streams. In order to generalize the approach to very
probability density. Note that in the limiting case, when large data sets, we condense the data into a smaller number
there are a large number of data poinisthe value of the  of micro-clusters. While the concept of micro-clustering
bandwidthh goes to zero, and this kernel function has a has been discussed in [2, 12], our aim in this paper is to
gaussian distribution with standard error exactly equiiéo ~ modify and leverage it for error-based density estimation.
standard error of the data point. Conversely, the erroedbas In order to achieve this goal, we need to discuss how the
kernel function converges to the standard kernel function error-based density may be computed using micro-cluster
when the value of the errap(X;) is 0. Therefore, in these  statistics instead of individual data points. Our first step
boundary cases, the direct error-based generalizatidreof t to define the micro-clusters in the data as suggested in [2].
kernel function has a probability distribution with the 'am  However, since the work in [2] does not use errors, the def-
standard error as the data point. It is also clear that in theinition of a micro-cluster needs to be modified correspond-
limiting case of a large number of data points, (when the ingly.



It is assumed that the data stream consists of a set ofcalculations. Thus, let us consider the data pairsnd cen-

multi-dimensional records(; ... X ... arriving at time
stampsly ... Ty . ... EachX;isa multi-dimensionzﬂecord
containing d dimensions which are denoted by, =

(2t ...af).

i Ly

We will first begin by defining the concept of error-based
micro-clusters more precisely.

Definition 1 A micro-cluster for a set ofi-dimensional
pointsX;, ... X;, withtime stamp§g’;, ...T;, isdefined as
the(3-d+1) tuple(CFEF2(C), EF2=(C),CF1*(C),n(C),
whereinCF2*(C), EF2*(C), and CF1=(C) each corre-
spond to a vector ofl entries. The definition of each of
these entries is as follows:

e For each dimension, the sum of the squares of the
data values is maintained i6’/2%(C). Thus,CF2%(C)

containsd values. The-th entry of CF2*(C) is equal to

> (@),

j=1\""1

" For each dimension, the sum of the squares of the er-
rors in the data values is maintained EF'2=(C). Thus,
EF27(C) containsd values. The-th entry of EF2(C) is
equaltoy "7, (X5, )>.

e For each dimension, the sum of the data values is main-
tained inCF'17(C). Thus,CF1%(C) containsd values. The
p-thentry of CF17(C) is equal toy_7_, .

e The number of points in the data is maintainea{i).

We will refer to the micro-cluster for a set of poindsby
CFT(C). As in [12], this summary information can be ex-
pressed in an additive way over the different data points.

This makes it very easy to create and maintain the clusters
using a single pass of the data. The actual maintenance of

the micro-clusters s a variation of the approach discussed
[2]. In this variation, we maintain the micro-cluster s$ati
tics for theq different centroids. Thesgcentroids are cho-
sen randomly. Each incoming data point is always assigne
to its closest micro-cluster centroid using a nearest neigh
bor algorithm, and is never allowed to create a new micro-
cluster. This is different from [2] in which a new micro-
cluster is created whenever the incoming data point doe
not naturally fit in a micro-cluster. Similarly, clustersear
never discarded as in [2]. This is required to ensure that
all data points are reflected in the micro-cluster stasistic
In addition, it is necessary to take the errors into account
during the computation of the micro-cluster statisticsnCo
sider the example illustrated in Figure 2 in which we have
shown the error behavior of data poiit by an elliptical
error region. While the data poin¥ is closer to centroid

2, itis more likely to belong to the cluster corresponding to

centroid 1. This is because the error behavior of the data

point is skewed in such a way that it would have been more
likely to coincide with centroid 1 simply because of an error

d

S,

troid @ = (c1 ... cq). Then, the distancéist(Y, ¢) between
data pointt” = (Y7 ...Yy) andt is given by the following
relationship:

d
dist(Y,2) =Y _max0, (Y; — ;) —4;(Y)’}  (5)
j=1

We note that this is an error-adjusted variation of the Eu-
clidean distance metric. The error adjustment ensures that
the dimensions which have large errors do not contribute
significantly to the distance function. If the true distance
along a particular dimensionis less than the average er-
ror ¢;(Y), then the value of the error-adjusted distance is
defined to be zero. Therefore, we use a distance function
which reflects the best-case scenario along each dimension.
Such an approach turns out to be more effective for noisy
data sets in high dimensionality [1].

The aim of the micro-clustering process is to compress
the data so that the resulting statistics can be held in main
memory for repeated passes during the density estimation
process over different subspaces. Therefore, the number of
micro-clusters, is defined by the amount of main memory
available. Given the large memory sizes available even on
modest desktop hardware today, this corresponds to thou-
sands of micro-clusters for data sets containing hundrieds o
dimensions. This means that a high level of granularity in
data representation can be maintained. This level of granu-
larity is critical in using the micro-clustering as a suratg
for the original data.

Each micro-cluster is subsequently used as a summary
representation in order to compute the densities overrdiffe
ent subspaces. The key is to design a kernel function which
adapts to the variance of the data points within a cluster as
well as their errors. At the same time, the kernel function
should be computablgsing only the micro-cluster statistics

of the individual clustersThe first step is to recognize that
each micro-cluster is treated as a pseudo-point with a new
error defined both by the variance of the points in it as well
as their individual errors. Thus, we need to compute the
error of the pseudo-point corresponding to a micro-cluster
For this purpose, we assume that each data pSirnn a
micro-cluster is a mutually independent observation with
bias equal to its distance from the centroid and a variance
equal to the errop(X). Therefore, the true errai( X, C)?

of the data poinX assuming that it is an instantiation of the
pseudo-observation corresponding to the micro-clusier
given by:

$;(X,C)? = bias;(X,C)* +1;(X)? (6)

Hereg; (X, C) refers to the error in thgth dimension. We

in measurement. Thus, we need to adjust for the errors cornote that this result follows from the well known statistica

responding to the different dimensions during the distance

relationship that the true error is defined by the squared sum



of the bias and the variance. Once we have established thé'gerithm DensityBasedClassificatigfest Pointz,

above relationship, we can use the independence assUMRegin

tion to derive the overall error for the micro-cluster pseud
point in terms of the micro-cluster summary statistics:

Lemma 1 The true errorA(C) for the pseudo-observation
for a micro-clustelC = {Y; ...Y,.} is given by the relation-
ship:
9,02 CF25(C)
C) = ; =

r

CF1%(C)?

| EF2(C)
T2

r

(7)

Proof: These results easily follow from Equation 6. By av-
eraging the results of Equation 6 over different data points
we get:

> 05(Vi, )P fr =3 bias;(Vi,C)% 1+ 3 05(V)* [

8
We will now examine the individual terms on the right
hand side of Equation 8. We first note that the value of
i, bias;(Y;,C)?/r corresponds to the variance of the
data points in clustef. From [12], we know that this corre-
sponds taC'F2%(C) /r — CF1%(C)?/r?. It further follows
from the definition of a micro-cluster that the expression
27 1 ¥;(Y;)?/r evaluates t&EF'2;(C)/r. By substituting
the corresponding values in Equatlon 8, the result follows.
]

Accuracy Thresholda);

Cr={1,...d}
for each dimensio in Cy and labell;
computeA(z, S, 1;);
L is the set of dimensions i,
for which for somej € {1...k}
Az, S,1;) > a
i=1;
while L; is not empty
begin
Generate”; 1 by joining L; with L;
for each subset of dimensions inC; 4
and class labdl; computeA(z, S, 1;);
L;41 is the set of dimensions if¥; 1
for which for somej € {1...k} we
haveA(z, S,1;) > a
1 =1+ 1,
end;
L =U;Ly;
N={};
while £ is not empty
begin
Add set with highest local accuracy ihito N;
Remove all sets it which overlap with sets idV;
end;
report majority class label itV;
end

Figure 3. Density Based Classification of Data

3 Leveraging Density Estimation for Mining

The above result on the true error of a micro-cluster pseudo-

observation can then be used in order to compute the error-

based kernel function for a micro-cluster. We denote the
centroid of the clustef by ¢(C). Correspondingly, we de-
fine the kernel function for the micro-clustéiin an analo-
gous way to the error-based definition of a data point:

Q) (5—c(C), AC) = (V37 - (h + AC)))-e” TTFT507
)

We note that error-based densities can be used for a va-
riety of data mining purposes. This is because the density
distribution of the data set is a surrogate for the actuaitsoi

in it. When joint distributions over different subspaces ar
available, then many data mining algorithms can be re-
designed to work with density based methods. Thus, the
key approach to apply the method to an arbitrary data min-
ing problem is to design density based algorithrfor the

As in the previous case, we need to define the overall den-problem. We further note that clustering algorithms such
sity as a sum of the densities of the corresponding micro-as DBSCAN [5] and many other data mining approaches
clusters. The only difference is that we need to define thework with joint probability densities as intermediate repr
overall density as the weighted sum of the correspondingsentations. In all these cases, our approach provides a di-
kernel functions. Therefore, if the data contains the clus- rect (and scalable) solution to the corresponding problem.

tersCs ...Cn,, then we define the density estimaterads We further note that unlike the work in [3], which is inher-
follows: ently designed to work with univariate re-constructionr, ou

m results (which are derived from only simple error statsstic
TRz, A(C)) = (1/N) - Z” Q) (x — ¢(Ci), A(X)) rather than entire distributions) are tailored to a far wide

class of methods. The joint probability distribution makes
(20) it easier to directly generate error-based generalizatidn
The density estimate is defined by the weighted estimatemore complex methods such as multi-variate classifiers.
of the contributions from the different micro-clusters.igh In this paper, we will discuss such a generalization for
estimate can be used for a variety of data mining purposesthe classification problem [4, 7]. We define the notations
In the next section, we will describe one such application. for the classification problem as follows: We have a data

1

1=



setD containing a set af-dimensional records, aridclass of dimensions which have high accuracy for a given test ex-
labels which are denoted By. . . [;. The subset of the data ample. We also impose the requirement that in order for a
corresponding to the class labigis denoted byD;. In this subspace to be considered in the sgtief 1)-dimensional
paper, we will design a density based adaptation of rule-variations, at least one subset of it needs to satisfy the-acc
based classifiers. Therefore, in order to perform the clas-racy threshold requirements. We impose this constraint in
sification, we need to find relevant classification rules for order to facilitate the use of a roll-up technique in our algo
a particular test instance. The challenge is to use the denrithm. In most cases, this does not affect the use of the tech-
sity based approach in order to find the particular subsetsnique when only lower dimensional projections of the data
of dimensions that are most discriminatory for a particular are used for the classification process. In the roll-up pro-
test instance. Therefore, we need to find those subsets ofess, we assume th@j is a set of candidatedimensional
dimensions in which the instance-specific local density of subspaces, anfl; is a subset of’;, which have sufficient
the data for a particular class is significantly higher than i discriminatory power for that test instance. We iteraterove
density in the overall data. The first step is to compute the increasing values af and join the candidate sét with the
density over a subset of dimensiofisWe denote the den-  setl; in order to determiné€’; ;. We find the subspaces in
sity at a given point, subset of dimension$, and data set  C,;1 which have accuracy above a certain threshold (sub-
Dby g(x, S, D). The process of computation of the density ject to the additional constraints discussed). In ordemim fi
over a given subset of dimensions is exactly similar to our such subspaces, we use the relationships discussed in Equa-
discussion of the full dimensional case, except that we usetions 11 and 12. Thus, we need to compute the local density
only the subset of dimensiortsrather than the full dimen-  accuracy over each set of dimensiongCin,.; in order to
sionality. determine the sek; ;. We note that this can be achieved
The first step in the classification process is to pre- quite efficiently because of the fact that the computatians i
compute the error-based micro-clusters together with theFigure 11 can be performed directly over the micro-clusters
corresponding statistics. Furthermore, the micro-chgste rather than the original data points. Since there are sig-
are computed separately for each of the dataBets . Dy, nificantly fewer number of micro-clusters (which reside in
andD. We note that this process is performed oohceas main memory), the density calculation can be performed
a pre-processing step. Subsequently, the compressed microvery efficiently. Once the accuracy density for each sub-
clusters for the different classes are used in order to gémer space inC;; has been computed, we retain only the di-
the accuracy density estimates over the different subspace mension subsets for which the accuracy density is above the
The statistics of these micro-clusters are used in order tothresholda. This process is repeated for higher dimension-
compute the densities using the relations discussed in thalities until the seC; 1, is empty. We assume that the final
previous section. However, since the densities need to beset of discriminatory dimensions are storedCia= U; L;.
computed in an example-specific way, the density calcu-  Eingjly the non-overlapping sets of dimensions with
lation is performed during the_classmca'uon proce_ssﬁ.tsel the highest accuracy above the pre-defined threshold of
The process of data compression makes the density compuse ysed in order to predict the class label. In order to
tatlon particularly efficient for Iarge_ data sets. We_ alsteno  gchieve this goal, we first determine the subspace of di-
that in order to calculate _the density over a particular sub- ansions with the highest local accuracy. Then, we re-
space, we can use Equations 9, and 10, except that we onlyeatedly find the next non-overlapping subset of dimen-
need to apply them to a subspace of the data rather than thgjsns with the highest level of accuracy until all possibil-
entire data dimensionality. _ ities are exhausted. The majority class label from these
_ In orderto c_onstr_uct the f_lnal set of rules, we use an itera- non-overlapping subsets of dimensions are reported as the
tive approach in which we find the most relevant subspaces;g|eyant class label. We note that we do not necessarily
for the classification process. In order to define the rele- neeq o continue with the process of finding the next over-
vance of a particular subspace, we define its density base%pping subspace repeatedly until all possibilities are ex
local accuracyA(z, 5, 1;) as follows: hausted. Rather, it is possible to terminate the process aft
IDy| - g(x, S, D;) finding at mosp non-overlapping subsets of dimensions.

A S1) = By 5.D). an

This kind of approach can in fact be generalized to any
data mining approach which use probability densities in-
stead of individual data points. Many data mining algo-
rithms can be naturally extended from point based process-
ing to density based processing in order to apply this kind of

dom(z, §) = argmaxA(z, 5, ;) (12) approach. This is useful in order to leverage this methodol-
In order to determine the most relevant subspaces, we perogy in general and practical settings. The overall algorith
form a bottom up methodology to find those combinations is illustrated in Figure 3.

This dominant clasdom/(z, S) at pointz is defined as the
class label with the highest accuracy. Correspondingly, we
have:
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In this section, we will present the experimental results == tonosere
for the error-based mining approach. Our primary aim was
to measure the effectiveness of the method in the presenc’|
of increasing error. In addition, we would like to check the
effectiveness and efficiency of our micro-clustering styst
for data summarization. Therefore, we will present the fol-
lowing results: (1) Change in classification accuracy with
increasing error rate. (2) Change in classification acgurac
with increasing number of micro-clusters. (3) Efficiency :
of training and testing process with increasing number of

N
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L L L L L ,
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micro-clusters (4) Efficiency of training and testing prese Nurber of Micro-clustrs
with increasing data size and dimensionality.
All results were tested on an IBM T41p laptop running ~ Figure 8. Training Time with Increasing Num-
Windows XP with 1.60 GHz processor speed with 512 MB ~ ber Of Micro-clusters
of main memory. The results were tested on a variety of data
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Figure 9. Testing Time with Increasing Num-
ber Of Micro-clusters
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Figure 10. Testing Time with Increasing Data
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Figure 11. Training Rate with Increasing num-
ber of data points

sets from the UCI machine learning repositoiry order to

test the effects of varying data set sizes and dimensionali-
ties. Specifically, we used the adult, ionosphere, wiseonsi
breast cancer, and forest cover data sets from the reposi-
tory. In each case, we used only the quantitative variables
for the testing process. We note that the forest cover and
adult data sets were quite large, and were specially useful
for testing the effects of micro-cluster summarizationtos t
error-based classification process. For the purpose of ex-
perimentation, errors were added to the data set from a nor-
mal distribution with zero mean, and a standard deviation
whose parameter was chosen as follows. For each entry, the
standard deviation parameter of the normal distributios wa
chosen from a uniform distribution in the range2 - f]- o,
whereo is the standard deviation of that dimension in the
underlying data. Thus, by changing the valuefofit is
possible to vary the error level of the data set. We note that
when the value of is chosen to be 3, the majority of entries

in the data are distorted by as much as 3 standard deviations
of the original distribution. At this error level, the disted
value of the entry could lie outside the tail of the original
distribution even ab9.99% level of confidence under the
normal distribution assumption. In some of the scenarios
discussed in this paper, this level of distortion reduces th
effectiveness of a classifier to almost that of a random clas-
sifier, if the errors are not taken into account. In the testin
process, we varied the value of the noise paranyetem 0

to 3 units to show the effects of a wide range of distortions.

In order to test the effectiveness of the method in the
presence of errors, we used two other implementations: (1)
A standard nearest neighbor classification algorithm which
reported the class label of its nearest record. (2) A version
of our density based classification algorithm which was not
adjusted for errors. This was exactly the same algorithm
as our error-based algorithm except that all the entries in
the data were assumed to have an error of zero. The aim
of using two different implementations was to account for
differences which were obtained simply because of the use
of a density based classifcation process. As our results wil
show, different classifiers are more effective for diffaren
data sets both in the presence and absence of errors, if no
adjustments are made for the errors. In addition, we will
show that the error based method was always superior to
both classifiers in the presence of errors.

First, we will discuss the results from varying the value
of the error parametef. In these cases, we will fix the
number of micro-clusters at 140. This effectively sum-
marizes the entire data set in only 140 error-based points.
This is a very high level of summarization, especially for
data sets such as the forest cover set which contain more
than half a million points. The purpose of choosing a high
level of summarization was to illustrate the effectiveness

http://iwww.ics.uci.eddimlearn



of the approach even in the case where the efficiency oflimited beyond a certain point. The results are also not
the approach was considerably scaled up. In Figures 4,completely monotonic because of the underlying noise
and 6, we have illustrated the classification accuracy with in the data. The classification accuracy with increasing
increasing error parametg¢rfor the different data sets. The number of micro-clusters are illustrated in Figures 5, and
number of micro-clusters was fixed at 140. In each graph,7. Since the nearest neighbor approach is not dependent on
the error parametef is illustrated on the X-axis, and the the micro-clustering process, its classification accuiacy
classification accuracy is illustrated on the Y-axis. We illustrated as a horizontal baseline, which is independent
make some observations about the common trends acrosef the number of micro-clusters. In each case, the value of
different data sets: the error parametef was fixed atl.2. On the X-axis, we
have illustrated the number of micro-clusters, whereas the
(1) In the case of each classifier, an increase in the classification accuracy is illustrated in the Y-axis. We mak
error parameter reduced the classification accuracy. Wethe following observations:
further note that the two density based classifiers had
exactly the same accuracy when the error-parameter wagl) In each data set, the classification accuracy of the
zero. However, as the error parameter was increasederror-adjusted method increased with the number of
the differences between the two density based classifieranicro-clusters. This is because the effectiveness of the
increased in each case. In addition, the accuracy ofsummarization methodology improved with an increasing
the nearest neighbor classifier worsened drastically withnumber of micro-clusters. However, the effects of the
increasing error in all data sets. micro-clustering process seemed to level off after about
(2) In the zero-error case, the nearest neighbor classifierl00 micro-clusters in each case.
could be better or worse than the density based classifier(2) When error-adjustments were not applied to the
For example, in the case of the forest cover data set (Figuredensity based classifier, the noise in the classification
6), the nearest neighbor classifier is more effective thanprocess exceeded the effects of increasing number of
the density based classifier when there are no errors inmicro-clusters.

the data s_et. However, an increased_level of erro_r _reduced We also tested the efficiency of the training and testing
the effectiveness of the nearest neighbor classifier to aprocess. In Figure 8, we have illustrated the training effi-

point where it was worse than both classifiers. In some jency with increasing number of micro-clusters. The num-
of the data sets, an increase in error to an average ofyer of micro-clusters is illustrated on the X-axis, and the
3 standard deviations reduced the effectiveness of theyyerage time for processing each data point is illustrated
nearest neighbor classifier to that of a random classifier., the Y-axis. It is clear that the processing time scaled

However, in each case, the error-based classifier continueqlineaHy with the number of micro-clusters. The efficiency

to be effective even in the case of large errors in the data..gqits for all data sets are illustrated in the same chayt (F
Thus, the order of effectiveness of different classifiaatio ure 8). We note that none of the data sets required more

methodologies could vary over different data sets, thoughinan7 « 10-4 seconds per data point for processing. For

the error adjustment process provides a definite advantag@ome of the data sets, this translates to a rate of more than
in terms of the quality of classification. several thousand data points per second. The difference in
(3) One interesting characteristic of the error-based method,nning time among the different data sets is because of the
is that even when the errors in the data are 2 to 3 timesaying dimensionality. This is because the number of oper-
the standard deviation of the corresponding dimension, 5iions per data point is proportional to data dimensiopalit
the classifier is still able to meaningfully classify thealat rhe rynning times for the adult data set are the least since
at an accuracy significantly higher than that of a random it ¢ontains only 6 dimensions, whereas the 34-dimensional

classifier. As illustrated by our results, this is not theecas ionosphere data set takes the longest processing time per
for either the nearest neighbor or the (non-adjusted) 8ensi ocord.

based classifier. In either case, the results of classtitati

could be arbitrarily poor for data sets with high error. In Figure 9, we have illustrated the testing time per

record for the different data sets. On the X-axis, we have
The above results show the robustness of the approachilustrated the number of micro-clusters, whereas thértgst
to increasing levels of error in the data. Next, we study time per record is illustrated on the Y-axis. As in the previ-
the effects of using different levels of micro-clustering ous case, the testing time is proportional to the number of
on classification accuracy. A greater number of micro- micro-clusters. However, in this case, the difference m ru
clusters increases both the training and testing time, butning times for the different data sets is much larger. This is
it increases the level of granularity at which the data is because the testing time is more sensitive to data dimension
represented. Naturally, a higher level of granularity kead ality. This trend can be observed more clearly from Figure
to a greater level of accuracy, though the advantages arel0, in which we have illustrated the running times for dif-



ferent data dimensionalities. We have illustrated two sase the applicability of the error based procedure to very large
corresponding to 80 and 140 micro-clusters respectively. | number of data sets in which density estimates may need
order to derive the results of Figure 10, we used projec-to be repeatedly computed over possibly different subsets
tions of different dimensionalities from the ionosphertada of dimensions. As a concrete example of our technique,
set. The dimensionality is illustrated on the X-axis, wiasre  we constructed a classifier which uses error adjusted den-
the testing time per record is illustrated on the Y-axis. The sities instead of the original data points. We tested our al-
trends in running time reflect the use of a roll-up algorithm gorithm on a number of real data sets, and show that the
during the knowledge discovery process. This results in aerror-adjusted approach turns out to be significantly more
non-linear variation in the testing time with data dimemsio  effective in practice. Given the ubiquity of uncertain data
ality. we expect this method to have wide applicability for many
Finally, we tested the scalability of training times with future applications.
data set size. We have illustrated the training times for the
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