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Abstract

In data clustering, many approaches have been pro-
posed such as K-means method and hierarchical
method. One of the problems is that the results de-
pend heavily on initial values and criterion to com-
bine clusters. In this investigation, we propose a new
method to cluster stream data while avoiding this de-
ficiency. Here we assume there exists aspects of local
regression in data. Then we develop our theory to
combine clusters using F values by regression anal-
ysis as criterion and to adapt to stream data. We
examine experiments and show how well the theory
works.

Keywords: Data Mining, Data Stream, Clustering for
Stream, Regression Analysis

1 Introduction

Cluster analysis comes from multivaliable analysis in
statistics. Putting our stress on computation aspects,
it is a general term of algorithms to collect similar
objects into groups (clusters) where each object in
one cluster shares heterogeneous feature. We can say
that, in every research activity, a researcher is always
faced to a problem how observed data should be sys-
tematically organized. Cluster analysis has been ap-
plied to a vast range of application domains. For in-
stance, pattern recognition (generation of land use
map in map processing), spacial data analysis, image
processing, business analysis (new kinds of insurance
generated from patterns of automobile accidents) and
WWW (Web clustering and classification, extraction
of usage pattern from weblog).

Among others, we see remarkable development of
new application areas through high speed network
and internet technology nowadays. Let us note that
the more and more information appear along with
time axis and that such information (called data
stream) is inherently different from temporal data:
patterns of changes with time in the latter are rather
stable and homogeneous while the ones in the former
are not. In the former case, the changes may have dif-
ferent properties or trends but with locality. That’s
why the cluster analysis technique can’t be applied so
easily. There should become more and more impor-
tant to investigate clustering techniques against data
stream.
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Generally the higher similarity of objects in a clus-
ter and the lower similarity between clusters we see,
the better clustering we have. This means quality of
clustering depends on definition of similarity and the
calculation complexity. There is no guarantee to see
whether we can interpret similarity easily or not. So
is true for similarity from the view point of analysts.
It is an analyst’s responsibility to apply methods ac-
curately to specific applications. The point is how to
find out hidden patterns(Han & Kamber 2000).

The authors have already proposed a new method
to clusters based on regression analysis by using vari-
ances and F statistic values of the clusters under the
assumption that there exists aspects of local regres-
sion in data, i.e., observed data structure of local
sub-linear space(Motoyoshi, Miura & Shioya 2003).
In this investigation we assume a collection of data
stream with local regression aspects and make clus-
tering by considering adjusting weights to objects in
streams.

Recently an interesting approach(Chakrabarti &
Mehrotra 2000) has been proposed, called ”Local Di-
mensionality Reduction”. In this approach, data are
assumed to have correlation locally same as our case.
But the clustering technique is based on Principal
Component Analysis (PCA) and they propose com-
pletely different algorithm from ours.

In the next section we discuss reasons why conven-
tional approaches are not suitable to our situation. In
section 3 we give some definitions and discuss about
preliminary processing of data. Section 4 contains a
method to combine clusters and the criterion based
on local regression analysis. . Section 5 contains how
to apply our approach to data stream. In section 6,
we examine experimental results, and we conclude our
work in section 7.

2 Clustering Data with Local Trends

In this investigation, we assume a collection of data
where we see several trends within. Such kind of data
could be regressed locally by using partial linear func-
tions and the result forms an elliptic cluster in multi-
dimensional space. Generally these clusters may cross
each other.

The naive solution is to put clusters together by
using nearest neighbor method found in hierarchical
approach(Jain, Murty & Flynn 1999). However, when
clusters cross, the result may not be the one that we
expect, in fact, they will be divided at crossing. If
clusters have different trends but they are close to
each other, they could be combined. Generally any
approach based on general Minkowski distance have
the similar problem.

In k-means method, a collection of objects is rep-
resented by its center of gravity. Unfortunately there



are several deficiencies in this method. As every text-
book says, it is not suitable for non-convex clusters.
The notion of center comes from a notion of variance,
but if we look for points to improve linearity of the
two clusters by reassigning objects, we can’t always
obtain suitable points. More serious is that we should
decide the number of clusters in advance.

In these approaches, we face to a common prob-
lem, how to define similarity between clusters. In our
case, we want to capture local aspects of sub linear-
ity, thus new techniques should provide us with (1)
similarity to classify sub linear space, and (2) conver-
gence on suitable level (i.e., the number of clusters)
which can be interpreted easily.

Regression analysis is one of techniques of multi-
variable analysis by which we can predict future phe-
nomenon in form of mathematical functions under the
assumption that a collection of objects have local lin-
earity in advance. We introduce F value as a criterion
of the similarity to combine clusters. We consider a
cluster as a line, that is, our approach is clustering
by line while K-means method is clustering by point.
In this investigation, by examining F value (as simi-
larity measure), we combine linear clusters in one by
one manner, in fact, we take an approach of restoring
to target clusters. For more detail, see (Motoyoshi
et al. 2003).

3 Initializing Clusters

In this section, we describe our approach and exam-
ine the difference with hierarchical clustering such as
agglomerative nesting.

Data is a set of objects consisting of several vari-
ables. We assume that all variables are inputs in a
form of numeric given from surroundings and that
there is no other external criteria for a classification.
A criterion variable is an attribute which plays a role
of criterion of regression analysis given by analysts.
Others are called explanatory variables. As for cate-
gorical data, readers could think about quantification
theory or dummy variables.

Data is described by a matrix (X|Y ) where each
object appears as a row of the matrix while cri-
terion/explanatory variables as columns. We de-
note explanatory variables and a criterion variable by
x1, x2, . . . , xm and y respectively, and the number of
objects by n:

(X|Y ) =

⎛
⎜⎜⎜⎜⎜⎝

x11 . . . x1m y1
...

. . .
...

...
xk1 . . . xkm yk
...

. . .
...

...
xn1 . . . xnm yn

⎞
⎟⎟⎟⎟⎟⎠

(1)

Note that X denotes explanatory variables, and Y
criterion variable. Each variable is assumed to be
normalized (called Z score) as follows:

µxi =
n∑

k=1

xik = 0 ; i = 1, . . . , m (2)

µy =
n∑

k=1

yk = 0 (3)

√
1
n

∑
(xki − µxi)2 = 1 ; i = 1, . . . , m (4)

√
1
n

∑
(yk − µy)2 = 1 (5)

An initial cluster is given as a set of objects. Each
object is exclusively contained in one of the initial
clusters.

In an agglomerative nesting, each object constitute
one cluster and similarity is defined as distance be-
tween objects. In our approach, on the other hand, we
assume every (initial) cluster should have non-trivial
variances because we deal with ”data as a line”. To
obtain these initial clusters, we divide the objects into
small groups. We make initial clusters dynamically
by inner product (cosine) calculation which measures
the difference of angle between two vectors as the fol-
lowing algorithm shows:

0. Let a input vector be �s1, �s2, , , �sn.

1. Let the first input vector �s1 be center of cluster
C1 and �s1 be a member of C1.

2. Calculate similarity between �sk and existing clus-
ter C1 . . . Ci by (6). If every similarities is below
given threshold Θ, we generate a new cluster and
let it be the center of the cluster. Otherwise, let
it be a member of cluster which has the highest
similarity. By using (7) calculate again a center
of cluster to which members are added.

3. Repeat until all the assignment is completed.

4. Remove clusters which has no F value and less
than m + 2 members.

where
cos(k, j) =

�sk · �cj

| �sk||�cj | (6)

�cj =

∑
Sk ∈ C �sk

j

Mj
(7)

Note Mj means the number of members in Cj and m
means the number of explanatory variables.

4 Combining Clusters

Now let us define similarities between clusters, and
describe how the similarity criterion relates to com-
bining. We define the similarity between clusters from
two aspects. One aspect comes from a distance be-
tween clusters. The authors have already proposed
a method of using Euclidean distance. Because this
method calculates distance from only center of grav-
ity, it disregards bias of cluster caused by correlation
between variables.

Our basic idea is that every vector in a cluster i
must play its role with other vectors in the cluster,
in other words, with the effect of variances and co-
variances of the cluster. As distance measure we take
Mahalanobis distance in which not only center but
also variance is considered. We calculate the Maha-
ranobis distance between cluster and the other cluster
center of gravity respectively, and define the average
of two distances as the distance between pair of clus-
ter.

d2(i, j) =
(µi−µj)

T C−1
j

(µi−µj)+(µj−µi)
T C−1

i
(µj−µi)

2
(8)

Note C is ”variance and co-variance” matrix of
each clusters, and C−1 is the inverse matrix of
C. Then we define non-similarity matrix d2(i, j)(∈
Rn×n). Clearly one of the candidate clusters to com-
bine should have the smallest distance and we exam-
ine whether it is suitable or not in our case. The
second aspect comes from F test. This test is tar-
geted towards examining whether regression analysis



is really useful or not. And we define our new simi-
larity by means of F values of the regression to keep
effectiveness.

Let us review very quickly F test and presumption
by regression based on least square method in mul-
tiple regression analysis. Given clusters represented
by data matrix, we define a model of multiple regres-
sion analysis which is corresponded to the clusters as
follows:

y = b1x1 + b2x2 + . . . + bmxm + ei (9)

An estimator of the least squares b̃i of bi is given
by

B = (b̃1, b̃2, . . . , b̃m) = (XT X)−1XT Y (10)

This is called regression coefficient. Actually it is
a standardised partial regression coefficient, because
it is based on Z-score.

Let y be an observed value and Y be a predicted
value based on the regression coefficient B. Then, for
variation factor by regression, sum of squares SR and
mean square VR are defined as

SR =
n∑

k=1

(Yk − Ȳ )2 ; VR =
SR

m
(11)

For variation factor by residual, sum of squares SE
and mean square VE are given as

SE =
n∑

k=1

(yk − Yk)2 ; VE =
SE

n − m − 1
(12)

Then we define F value F0 by:

F0 =
VR

VE
(13)

It is well known that F0 obeys F distribution where
the first and second degrees of freedom are m and
n − m − 1 respectively.

Given clusters A and B where |A| = a, |B| = b, a
data matrix of the combined cluster A∪B is described
as follows.

(X|Y ) =

⎛
⎜⎜⎜⎜⎜⎜⎝

xA11 . . . xA1m yA1
...

. . .
...

...
xAa1 . . . xAam yAa
xB11 . . . xB1m yB1

...
. . .

...
...

xBb1 . . . xBbm yBb

⎞
⎟⎟⎟⎟⎟⎟⎠

(14)

(∈ Rn×(m+1))

where n = a + b. As previously mentioned, we can
calculate regression and F by (10) and (13) respec-
tively.

Let A,B be two clusters, FA, FB the two F values
and F the F value after combining A and B. Then
we have some interesting properties.

PROPERTY 1 If FA > F , FB > F holds:

When F decreases, the gradient is significantly dif-
ferent. Thus we can say that the similarity between A
and B is low and linearity of the cluster decreases. In
the case of FA = FB , F = 0, both A and B have same
number objects and coordinates and the regressions
are orthogonal at center of gravity. �

PROPERTY 2 If FA ≤ F , FB ≤ F holds:

When F increases, the gradient isn’t significantly
different and the similarity between A and B is
high. Linearity of the cluster increases. When FA =
FB , F = 2 × FA, we see A and B have same number
of the objects and coordinates. �

PROPERTY 3 If FA ≤ F ,FB > F holds, or if
FB ≤ F ,FA > F holds:

One of FA, FB increases while another decreases,
when there exists big difference between the variances
of A and B, or between FA and FB . We can’t say
anything about combining. �

By above considerations, it seems better to com-
bine clusters if F is bigger than both FA and FB .

Non-similarity using Mahalanobis distance is one
of the ways to prohibit from combining clusters that
have the distance bigger than local ones. Since our al-
gorithm proceeds based on a criterion using F values,
the process continues to look for candidate clusters by
decreasing distance criterion until the process satis-
fies our F value criterion. This means that we may
have difficulties in a case of defective initial clusters,
or in a case of no cluster to regress locally: the process
might combine clusters that should not be combined.

To overcome such problem, we assume a threshold
∆ to a distance. When A and B satisfy both criterion
of F value and ∆, we combine the two clusters. By ∆
we manage the internal variances of clusters to avoid
combine far clusters.

Here is our algorithm CFR (Clustering using F-
value by Regression analysis) as follows.

1. Standardize data.

2. Calculate initial clusters that satisfy Θ. Remove
clusters which the number of members don’t
reach the number of explanatory variables.

3. Calculate center of gravity, variance, regression
coefficient, F value to each cluster the distance
between them.

4. Choose close clusters as candidates for combin-
ing. Standardize the pair. Calculate regression
coefficient and F value again.

5. Combine the pair if F value of a combined cluster
is bigger than F value of each cluster and if it
satisfy ∆. Otherwise, go to step 4 to choose other
candidates. If there is not candidate any more,
then stop.

6. Calculate center of gravity to each cluster and
distance between them again and go to step 4.

5 Clustering Stream Data

Now we are ready to develop our theory to process
data stream into clusters.
Generally data stream is organized along with time
axis and processed in a sequential manner. However,
there are continuous changes of their trends and it
is the point to extract useful patterns in data min-
ing research(Han et al. 2000). Here we give several
assumption (principle) and show how well our clus-
tering technique can be applied to data stream under
the assumption.

As described in section 1, data stream contains
several properties with local trends which cause diffi-
culties of clustering tasks. It is well-known that recent
events are more affected to give decision compared to
past events, and it doesn’t seem reasonable to keep
all the events. In our approach, we summarize past



information continuously while keeping recent infor-
mation for a while.

This is not really new approach and we assume
an interval [t1, t2] over time axis called block with the
constant size t2 − t1. We obtain objects along each
block u(called process unit) in a form of stream and
we give a weight to each unit. As time goes, we reduce
the weights exponentially for clustering. That is, once
a weight w is given where 0.0 < w < 1.0, every object
in an i-th block has been considered as a weight wi.
Given a threshold δ, there corresponds to a number
h of blocks such that wh ≤ δ.

Assume that there are h process units
u0, u1, · · · , uh−1 and that we like to add a new
unit u0. First of all, we remove all the objects in the
oldest uh−1. Then we adjust the weights of all other
objects in u0, ..., uh−2 by multiplying by w. Finally
we make clustering by the new u0 and u1, ..., uh−1.

Since weights decrease exponentially, one object
with a weight wi can be considered as the one with a
count wi. Objects e0, .., en of the weights w0, ..., wn

have attribute values a0, .., an over an attribute A re-
spectively (wi > 0.0, i = 0, .., n). A weighted ex-
pect value E[A] is defined as p0 × a0 + · · · + pn × an

where pi = wi/W and W = w0 + .. + wn. More gen-
erally, given a function f(X), let us define E[f(A)]
as p0 × f(a0) + ... + pn × f(an). Then we define
a weighted variance V [A] as E[(A − E[A])2] which
is equal to E[A2] − E[A]2 as usual. Similarly let
us define weighted co-variance C[AB] of two vari-
ables A,B as E[AB] − E[A]E[B]. All the statis-
tical values of non-similarity based on Mahalanobis
d2(i, j), SR, SE , VR, VE and F can be extended to the
weighted ones.

When every new clusters in u0 can be combined
with some cluster over u1, ..., uh−1, we adjust center
of gravity, variance, regression coefficient and F , but
there is no need to change clustering. Otherwise, we
see some change happens during these time intervals
and we make clustering from scratch to u1, .., uh−1.

After we adjust clustering and their statistical val-
ues such as center of gravity, we simply remove all the
objects in uh−1. This is reasonable because we try to
reflect objects as many as possible while keeping qual-
ity of clustering current (i.e., clustering result reflects
recent trends). The weight to uh−1 is the smallest
thus the objects have least effect to make clustering.

Here is our enhanced algorithm ICFR (Incremen-
tal Clustering using F-value by Regression analysis)
as follows. The readers should regard any statistical
values like distance and variance as the revised ones.
The complexity depends on the one of matrix calcu-
lation and the number of repetition of re-clustering at
worst but generally on the number of regression.

1. Calculate initial clusters to all the u1, .., uh−1.

2. Apply CFR to the initial clusters.

3. Collect new objects into a process unit u0. Cal-
culate initial clusters to new u0.

4. Examine whether the result of 3 can be combined
to the result of 2 or not. If not, we make clus-
tering from scratch to all the initial clusters in
u0, u1, .., uh−1 using weighted CFR.

5. Remove uh−1. Renumber u0, .., uh−2 as
u1, .., uh−1.

6. Calculate new center of gravity to each cluster
and distance between them and go to step 3.

6 Experiments

In this section, let us show some experiments to
demonstrate the feasibility of our theory. We have
Weather Data in Japan(Japan Weather Association
1998): on January, 1997 two meteorological observa-
tory data of Wakkanai in Hokkaido (northern part
of Japan) and Niigata in Honshu (middle part of
Japan) measured in January of 1997. Each me-
teorological observatory contains 8736 records (and
17472 records in total), 720K bytes(Japan Weather
Association 1998). To apply our method under the
assumption that there are clusters to regress locally.
We simply joined them.

Each data instance contains 22 attributes ob-
served every hour. We utilize 8 items consisting
of ”day”(day), ”hour”(hour), ”pressure”(hPa), ”sea-
level pressure”(hPa), ”air temperature”(C), ”dew
point”(C), ”steam pressure”(hPa) and ”relative
humidity”(%) as candidates of variables among the
22 attributes. All of them are numerical without any
missing value. We use ”observation point number”
additionally only for the purpose of evaluation. A
table1 contains examples of the data.

We have standardized all variables in advance to
analyze by our algorithm. We take ”air temperature”
as a criterion variable and other values as explanatory
variables. We give Θ = 0.6 to initialize clusters and
give ∆ = 1.0E+6 to define distance between clusters.
Also we give a weight w = 0.8, the threshold of weight
δ = 0.25, each block has one week duration and the
number h of processing units is 7.

A table 2 shows the result at September 10 since
January 1. At this time, re-clustering has happened
12 times among 47 repetitions.

Among 7 clusters, most objects are included in
Cluster 2 and Cluster 6. Cluster 2 and 6 contain
14 and 7 ”initial” clusters respectively. These reflect
features of the observed points. In fact, Cluster 2
contains 653 Niigata objects among total 1176 Ni-
igata objects (55.6%) while Cluster 6 contains 537
objects among 1176 Wakkanai objects (45.7%). That
is, Cluster 2 reflects the features of Niigata and Clus-
ter 6 Wakkanai.

For example, in a table3 about Centers of Gravity,
we see ”Dew Point”, ”Steam Pressure” and ”Air Tem-
perature” are higher and ”Relative Humidity” is lower
in Cluster 2 compared to other clusters. Thus this
cluster contains observed objects in a region of south
and on the Sea of Japan side where summer precip-
itation is little. Also ”Pressure” is higher and ”Dew
Point” and ”Steam Pressure” are lower in Cluster 6.
Because ”Month” is low, the objects were observed in
the middle of summer. However ”Air Temperature”
is lower than we expected. We see, the objects in
this cluster were observed in region of north and low
altitude.

In case of Cluster 1, all of ”Day” and ”Month” val-
ues were characteristic. Since the center of ”Month”
is higher and ”Day” is lower, the cluster talks about
weather observed in first half in September that are
common to both points(e.g., the change of the sea-
sons) but doesn’t correspond to location aspects. In
fact, the cluster 1 has low ”Air Temperature” and
contains almost same number of objects of Niigata
and Wakkanai points.

To compare our approach ICFR to weighted CFR,
we examine a naive experiment. That is to say, when-
ever we obtain new objects, we have make all the ob-
jects of 7 blocks clustered without any incremental
calculation. We calculate recall and precision factors
of objects in each point for each cluster. For exam-
ple, recall of Niigata point for A cluster is a ratio of
Niigata objects included in A in all Niigata objects,
and precision is a ratio of Niigata objects included in



Table 1: Weather Data

Point Month Day Hour Pressure Sea-level Pressure Dew Point Air Temperature . . .
604 1 1 1 1019.2 1020 2.4 5 . . .
604 1 1 2 1018.6 1019.4 2 5.2 . . .
604 1 1 3 1018.3 1019.1 1.8 5.4 . . .
...

...
...

...
...

...
...

...
...

401 12 31 24 1005.1 1006.5 -10.6 -1 . . .

Table 2: Final Clusters

Variance F value Contained Clusters Niigata Wakkanai
Cluster1 6.71152 76433.5 5 102 152
Cluster2 4.50243 36137.4 14 653 315
Cluster3 1.67056 12109.1 3 119 47
Cluster4 2.96373 4404.97 1 48 48
Cluster5 0.12095 5528.73 1 29 0
Cluster6 0.44520 826016 7 0 537
Cluster7 0.09501 28841.3 3 216 77

A in all objects included in A. If the highest recall
is a Niigata point of A cluster, we regard A as a Ni-
igata cluster. Then we regard cluster whose recall of
Wakkanai point is the highest of other clusters except
A cluster a Wakkanai cluster. In figures 1 and 2, we
show recall and precision factors at the two points.

The result shows ICFR’s recall go down about
20% compared with CFR. As for precision, there is
no meaningful difference between the two approaches.
Thus, we can keep similar precision as compared with
to make clustering from scratch by using our incre-
mental approach. In CFR result is independent at
each processing. But in ICFR we can guess that
there is no big change in the cluster as long as re-
clustering doesn’t happen. In case of our experiments,
re-clustering happened in the fourth processing on the
average. Thus we can see, a big weather change hap-
pens every month. Figure 3 shows the total times for
processing and we see our approach has been reduced
to about 20% and get good results.

Let us summarize our experiment. We got 7 clus-
ters. Especially, we have extracted regional features
from cluster 2 and 6. It is evident by information on
observation point in table 2 to see clustering suitably
has classified objects very well. This fact means that
the results in our experiment satisfy the initial condi-
tion. Processing time will improve further by efficient
I/O processing.

Table 3: Center of Gravity for Clusters

Clust1 Clust2 Clust6
Month 1.18569 0.47771 -0.2102
Day -0.4501 -0.0566 -0.2631
Hour 0.08692 -0.0682 -0.0298
Pressure -0.0020 0.00151 0.40699
Sea-LevelPressure 0.00152 -0.0075 0.46129
Dew Point 0.01840 0.17168 -1.1524
Steam Pressure 0.01640 0.13634 -1.1048
RelativeHumidity 0.55982 -0.2062 0.57358
Air Temperature -0.2807 0.23217 -1.2369

Figure 1: Recall/Precision Factors at Niigata

7 Conclusion

In this investigation, we have discussed a new ap-
proach of clustering for data stream which have sev-
eral local trends among objects based on (Motoyoshi
et al. 2003). We have proposed how to extract trends
of clusters by using regression analysis and similarity
of the cluster by F value of regression. We have intro-
duced threshold of distance between clusters to keep
precision of the cluster. By examining experimental
data stream, we have shown that we can extract clus-
ters of a moderate number to interpret and the fea-
tures by center of gravity and regression coefficient.
Then we have shown the feasibility of our approach.

We had already discussed how to mine Temporal
Class Schemes to model a collection of time series
data(Motoyoshi, Miura, Watanabe & Shioya 2002),
and we are now developing further integrated method-
ologies to time series data and stream data.
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Figure 2: Recall/Precision Factors at Wakkanai

Figure 3: Total Processing Time
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