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ABSTRACT
Clustering data streams is a challenging problem that has
received significant attention in the recent decade. In this
paper, we address the hitherto inadequately addressed chal-
lenge of managing the output of stream clustering. This task
comprises the continuous cluster model validation, monitor-
ing, trend and change detection, and summarization of the
cluster mining output. For this purpose, we propose a com-
plete framework to mine, track and validate the clusters in
a data stream. The proposed framework keeps track of each
discovered cluster model of the stream through time, while
quantifying, modeling and summarizing the cluster evolu-
tion trends, and storing a summary of the cluster models and
the evolution trends only at milestones corresponding to the
occurrence of significant changes. Our experiments demon-
strate the accuracy of the proposed framework in tracking
cluster evolution over time, while generating a concise sum-
mary of the evolution trends over the lifetime of the stream.

1. INTRODUCTION
Recent years have seen increasing research in Stream Data

Mining [1], due to the large number of applications that gen-
erate massive streams of data (e.g. web logs, social networks
and network activity), and the recognition of the importance
of utilizing such data (which was previously useless) in ob-
taining new information that are vital to a variety of real
life applications. Data streams introduce a more challeng-
ing environment for data mining, characterized by a huge
throughput of data which makes it hard to store every single
data point and process it. Therefore each new data point
can be processed only once. Other challenges include the
lack of control or expectation regarding the data order and
the presence of outliers, because a data point that is flagged
as an outlier at the beginning of the data stream might turn
out to be part of a cluster that emerges later in the data
stream’s lifetime.
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Several clustering algorithms have been designed to deal
with the challenging nature of data streams by incremen-
tally updating the clustering model or by processing data
points in small batches [2, 3, 4], however few had focused on
monitoring and tracking the evolution of clusters. The latter
problem adds a more challenging but valuable perspective
for Stream Data Mining. Many applications are more in-
terested in the changes that might occur to the discovered
clusters internally (i.e. the characteristics of the cluster)
or externally (i.e. the clusters’ interaction with each other)
than in simply discovering these clusters. For example, in
online customer relationship management, it may be valu-
able to know whether an emerging pattern of behavior is a
completely new group of users, a shift in a previous group’s
behavior, or if it is a result of a mergence of two groups of
users that used to have different interests. Answering such
questions could provide valuable business intelligence, par-
ticularly in forecasting and planning marketing strategies.

There has been some research, in the recent literature,
that showed increasing interest in trying to understand the
evolution of the discovered clusters, which can be divided
into two main approaches. In the first approach [5, 6], clus-
tering is done in each time period, then mappings between
clustering models at consecutive time periods are found.
The main disadvantages of this approach are (i) its assump-
tion of re-clustering the data instead of adaptation and (ii)
the need to keep all the data points and/or their identities in
order to compare clusters discovered at different time win-
dows. The second approach [7, 8] tracks the evolution on
a global level by finding the deviation between the distri-
bution of the data at consecutive time periods. The main
disadvantage of this approach is that it focuses on the global
change in data at different time periods rather than on the
cluster evolution itself. In addition to the above limitations,
most stream clustering algorithms assume that the time axis
can be divided in fixed-length windows, where the mining is
repeated at each time window. If the windows are too wide,
there is a risk of missing important transitions or changes,
and if too small, there is a risk of wasteful processing at
too many intervals. Our proposed framework, that we call
Stream-Dashboard, overcomes these disadvantages thanks
to an online processing that does not store the data or data
identifiers, while eliminating the need to re-cluster the whole
data in each time window. It is also less sensitive to the
choice of window length thanks to an automated discovery
of milestones of cluster trend changes over time.
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Another approach, that is similar to the proposed frame-
work, is topic detection and tracking (TDT) [11], which is
concerned with detecting the appearance of new topics and
tracking the reappearance of existing topics and their evo-
lution. TDT consists of three main tasks: first, it segments
the stream of text into separate stories; second, it detects
the events being discussed or identifies new events that have
not been discussed before; and finally, it tracks the evolu-
tion of events by associating new stories with existing events
known to the system. The main differences between TDT
and our proposed framework is that: (i) the tracking task of
TDT is done after the events had been detected such that
it simply finds which new stories are associated with them,
thus it is a supervised learning task. On the other hand,
Stream-Dashboard tracks the evolution of the clusters as a
module that can wrap around any online clustering algo-
rithm to detect and model the cluster evolution patterns on
the fly while the unknown clusters are being discovered; (ii)
TDT does not quantify the evolution, rather it only finds
which event is being more discussed. On the other hand,
Stream-Dashboard quantifies the evolution in detail using
rich behavioral profiles (Def. 8) (including evolution trend
modeling and summarization), and detects any deviations
in that behavior (Section 2.2.3); (iii) Our framework can
detect a richer spectrum of evolution trends or deviations
(e.g. internal and external transitions) and not only new
topic detection or deviation.

1.1 Contributions
The main contributions of this work can be summarized

as follows: (i) a complete and generic framework is pre-
sented to simultaneously mine, track and validate the de-
tected clusters in data streams. The proposed framework,
termed Stream-Dashboard, makes an emphasis on mining
and visualizing the behavior of the detected cluster met-
rics in a data stream over time, rather than just detecting
the clusters; (ii) a new algorithm, called TRACER (Section
2.2), is presented to keep track of the evolution of the de-
tected clusters and their metrics through time using regres-
sion analysis; (iii) tracking clusters’ evolution in our pro-
posed framework is done based on adaptation rather than
re-clustering, and (iv) most importantly, with the assump-
tion that neither the data nor the data object identities
need to be known or kept throughout different time peri-
ods. This makes our approach adhere to the strict require-
ments of single-pass mining in data streams; (v) a transition
characterization algorithm is proposed (Section 2.2.5) to de-
tect and classify internal and external changes affecting the
clusters throughout the stream lifetime; (vi) The proposed
framework is generic in the sense that any online cluster-
ing algorithm or tool, including black-box or closed-source
tools, can be used in the first component to detect the clus-
ters; (vii) Instead of relying on an arbitrary division of the
timeline into fixed interval widths, our framework automati-
cally determines the important time points of change (called
milestones) for each cluster output metric or validity.

1.2 Paper Organization
Section 2 will describe the general idea of the proposed

framework, and then discuss its components in Sections 2.1
and 2.2 respectively. Section 2.3 will elaborate more about
the importance of the generic theme in the proposed frame-
work. Section 3 will present the experimental results, and

finally, we make our conclusions in Section 4.

2. STREAM-DASHBOARD
In this section, we describe our framework, called Stream

Dashboard, tomine, track and validate evolving data stream
clusters simultaneously. As shown in Figure 1, Stream Dash-
board consists of two main components: a generic online
clustering component and a specialized tracking and vali-
dation component. The online clustering component incre-
mentally maintains a clustering model of the data stream.
The clustering model is represented as a set of parameters
for each of the clusters, that depend on the clustering algo-
rithm used, such as the centroids and scales. The clustering
model can be used as an input to a higher level application.
For example, in the web usage mining domain, it can be
used as an input to a recommender system, while in a net-
work security context, it could be used as an input to an
anomaly detection or forensic analysis system. The track-
ing and validation component monitors the characteristics
of the clustering model (i.e. the metrics of the clusters) and
builds and maintains regression models for them, which (i)
can be used as input to an interactive dynamic visualization
component that would give a deep insight into the evolution
of the clusters over the data stream’s lifetime, and (ii) can
be used as input to another application such as an online
recommender system to enhance the quality of the recom-
mendations.

Figure 1: Streams-Dashboard
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2.1 Online Clustering Algorithm
The generic online clustering algorithm component can

be any clustering algorithm that (i) satisfies typical stream
clustering algorithm requirements [9], (ii) incrementally up-
dates the clustering model and (iii) quantifies the clusters’
characteristics using a set of properties. Examples of such
algorithms can be found in [2, 3, 4, 10].

2.2 Tracking and Validating Cluster Evolution
using Regression Analysis (TRACER)

The second component of the proposed framework, called
TRACER (TRAcking and validating Clusters Evolution
using Regression analysis), aims at tracking the detected
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Table 1: Stream Clustering Algorithms Metrics for Cluster
Ci

Algorithm Cardinality Scale

CluStream [2] number of points ni

√
CF2i
ni

−
(

CF1i
ni

)2

RINO-Stream [4] sum of weights Wi

√∑N
j=1

wijdist(Ci,xj)
2∑N

j=1
wij

D-Stream [10] sum of density

coefficients Di

No. of neighboring

density grids G

clusters’ evolution over time by building and maintaining a
summarizing regression model for each cluster metric.

2.2.1 Cluster Metrics
TRACER aims at analyzing the behavior of stream clus-

ters over time by observing a set of metrics associated with
each cluster. These metrics could be generic (i.e. computed
using the results of the clustering algorithm) or algorithm-
specific, and they must be incrementally maintained. A met-
ric could be (i) a cluster descriptor or (ii) a validation mea-
sure. In the proposed framework, we use two generic cluster
descriptors (cardinality and scale) and one validity metric
(density) that can be generated from most stream cluster-
ing algorithms, and they are defined as follows:

Definition 1. Cardinality: given a cluster Ci and the mem-
bership wij of the point xj to Ci, the cardinality Wi is the
sum of memberships of all points X : x1, x2, ..., xN with re-
spect to Ci, i.e. Wi =

∑N
j=1 wij where N is the number

of data points seen so far. The memberships can be soft in
[0, 1] as in [4] or hard in {0, 1} as in [2].

Definition 2. Scale: given a cluster Ci, the scale σi relates
to the size of the influence area of Ci within the space of the
data, i.e. data points that belong to the cluster are enclosed
within an area of size proportional to its scale.

One way to compute the scale is as follows, given a cluster
Ci and the distance measure dist(Ci, xj) with respect to
the point xj , the scale σi is the weighted average of the
squared distance between data points X : x1, x2, ..., xN and

the cluster ci, i.e. σi =

√∑N
j=1 wijdist(Ci,xj)2∑N

j=1 wij
. Other ways

to compute the scale are shown in Table 1.

Definition 3. Density: given the scale σi and cardinality
Wi of cluster Ci defined above, the density δi is the ratio
between the cardinality and the squared scale, i.e. δi =

Wi

σ2
i
.

A larger density value is desired since it means a higher
cardinality (i.e. more data points) and/or smaller scale (i.e.
compact cluster).

The metrics described above can be obtained directly from
most of the algorithms that satisfy our requirements (Section
2.1) or by simple operations as shown in Table 1 for three
stream clustering algorithms.

2.2.2 Building Cluster Regression Models
For each detected cluster, a set of regression models that

reflect its behavior is built and maintained throughout the
lifetime of the cluster (i.e. until it disappears or merges
with other clusters). A linear regression model reflects the
relationship between two sets of variables; the independent

variable X and the dependent variable Y , as follows:

Y = β0 + β1X + ε (1)

where β0 and β1 are the model regression coefficients and
ε represents the error or discrepancy in approximating Y .
The independent variable X for all the regression models is
the time stamp (or it can be the index of arrival of the data
points) and the dependent variable Y is one of the metrics
described in Section 2.2.1. The regression models are found
by estimating the regression coefficients (β̂0 and β̂1) using
the Least squares method at intervals of time called Regres-
sion Windows, each having width ΔReg which is domain-
dependent, and reflects the desired detail in the description
of the evolution of the clusters. .

In real life scenarios, the metrics might not follow a lin-
ear model, hence the regression models could be extended
to higher-order models. However, this would result in (i) in-
creased time complexity (i.e. more complicated optimization
methods), (ii) increased memory complexity (since more
than two coefficients would be needed), and (iii) more com-
plications in defining milestones (that represent major devia-
tion in the metrics’ behavior (Section 2.2.3)). It is important
however, that the regression window be relatively small to
provide an accurate modeling using a linear model instead
of a more complex model for regression.

The outputs of regression analysis are the linear regression
models for each of the cluster metrics, which can be used to
examine the behavior of the cluster during the lifetime of
the data stream.

Definition 4. Metric Regression Model: For metric Pi (Pi ∈
{′Cardinality′,′ Scale′,′ Density′}) describing cluster Ci at
the time period [t, t+1] of size ΔReg data samples, the metric
regression model is ΞPi,[t,t+1] = {β0,Pi,[t,t+1], β1,Pi,[t,t+1]}.

2.2.3 Detecting Milestones
The stored regression coefficients are used to model or

summarize the behavior of each cluster over time, and possi-
bly to predict future cluster behavior or detect any deviation
from that behavior. These deviations are detected automat-
ically based on the angle between two consecutive regression
models, and the times at which these deviations occur are
called milestones.

Definition 5. Milestone: Given the regression models ΞPi,T1

and ΞPi,T2 at two consecutive time periods T1 = [z1ΔReg +
1, z2ΔReg] and T2 = [z2ΔReg+1, (z2+1)ΔReg] where z1&z2εZ,
z1 < z2. If the angle θ between ΞPi,T1 and ΞPi,T2 is larger
than a threshold θmax, then a milestone MPi[t] is detected
at time t = z2ΔReg (between T1 and T2).

The angle θ can be found using the tangents of the slopes
(β1,Pi,T1 and β1,Pi,T2) as follows:

tan(θ) =
max(β1,Pi,T1, β1,Pi,T2)−min(β1,Pi,T1, β1,Pi,T2)

1 + β1,Pi,T1β1,Pi,T2

(2)
If no milestone was detected between T1 and T2, then

an updated combined model ΞPi,T1+T2 can be obtained by
simply calculations (proof omitted due to paucity of space).
The only memory overhead is to store a single value yPi,T1,
which is the sum of the values of the cluster metric from the
previous time period T1, and it is updated incrementally.
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Milestones represent important phases in the lifetime of a
cluster, because they represent when major changes took
place either in the structure of the cluster (i.e. internal
changes) or in its relationship with other clusters (i.e. ex-
ternal changes). Each time that a milestone is detected, a
new regression model is built (since it reflects a new behav-
ior that needs to be captured), otherwise the old regression
model needs only be updated to reflect the changes that took
place.

2.2.4 Monitoring the behavior of clusters
Monitoring the regression models can help build behav-

ioral profiles for each cluster. The behavioral profile reflects
how each of the cluster properties has evolved over time.
More specifically, we are interested in whether the cluster’s
behavior is changing or stabilizing. We quantify this behav-
ior based on the slope of the regression model (β1) and its
confidence interval CIβ1,α (an observed interval of the relia-
bility of estimating β1 with (1−α)% confidence). Using the
confidence intervals provides a more reliable and flexible test
for stability, because we are only interested in a plateau-like
regression line and not necessarily a strict plateau.

Definition 6. Stability: Given a metric Pi with regression
model ΞPi,[t,t+1] = {β0,Pi,[t,t+1], β1,Pi,[t,t+1]} and its α-level
regression slope’s confidence interval (CIβ1,Pi

,α) over the

time period between two consecutive milestones [MPi[t],MPi[t+1]],
the metric is stable if 0 ∈ CIβ1,Pi

,α, and is expressed as

P ∗
i,[M[t],M[t+1]]

.

Definition 7. Instability: Given an unstable metric Pi and
its regression slope (β1,Pi) over the time period between two
consecutive milestones [MPi[t],MPi[t+1]], the metric is in-

creasing if β1,Pi > 0 and is expressed as P+
i,[M[t],M[t+1]]

. Oth-

erwise it is decreasing and is expressed as P−
i,[M[t],M[t+1]]

.

Definition 8. Behavioral Profile: a behavioral profile Hi of
a cluster Ci is the set of stability measures of all its metrics
and their regression models over all time periods.

A stable metric can be seen visually as a plateau-like re-
gression line, whereas an unstable metric is seen as increas-
ing or decreasing. This helps to visually analyze the be-
havior of the clusters over time. The stability measures of
the cluster descriptors (e.g. cardinality) are used to (i) in-
fer both the internal and external changes that took place
as will be described in the following section, and (ii) help
in evaluating the quality of clusters along with the stability
measures of the evaluation metrics (e.g. density).

2.2.5 Detecting internal and external transitions
The internal and external transitions, which extend the

simpler ones defined in [5], are defined in Def. 9 and Def.
10 respectively.

Definition 9. Internal Transition: Given a cluster Ci, it is
said that it went through an internal change if one of its
cluster descriptor metrics Pi was unstable (i.e. P+

i,[Mt,Mt+1]

or P−
i,[Mt,Mt+1]

).
Internal transitions refer to the changes in the cluster de-

scriptors, and are detected using the stability measures de-
scribed in Section 2.2.4. More specifically, there could be a

Table 2: Transition Conditions and Symbols

Symbol Description

Mt and Mt−1

Current milestone and previous

milestone

W
{∗,+,−}
i,[Mt−1,Mt]

Stable (*), increase (+) or decrease (-)

in cardinality

σ
{∗,+,−}
i,[Mt−1,Mt]

Stable (*), increase (+) or decrease (-)

in scale between consecutive milestones

Ci(neighbor[Mt])

A neighboring cluster to Ci was found

at milestone Mt using a threshold on

distance (depends on the clustering alg.)

Ci[Mt−1,Mt]
Ci has been updated between the

milestones Mt and Mt−1

tstart and tend Cluster creation and deletion times

tmin Age grace period

Table 3: Transition Characterization Rules (conjunction ∧,
disjunction ∨, negation ¬), sorted by the order in which they
are applied

Transition Conditions

Mergal W+
i,[Mt−1,Mt]

∧
σ+
i,[Mt−1,Mt]

∧ (¬Ci[Mt−1,Mt])

Splitting W−
i,[Mt−1,Mt]

∧
σ−
i,[Mt−1,Mt]

∧Ci(neighbor[Mt])

Appearance tstart ∈ [Mt−1,Mt]

Disappearance tend ∈ [Mt−1,Mt]

Survival-Aging W−
i,[Mt−1,Mt]

Survival-Gain At

Periphery
W+

i,[Mt−1,Mt]
∧

σ+
i,[Mt−1,Mt]

∧Ci[Mt−1,Mt]

Survival-Gain at center W+
i,[Mt−1,Mt]

∧ σ−
i,[Mt−1,Mt]

Survival-Absorption
(
W+

i,[Mt−1,Mt]
∧ σ∗i,[Mt−1,Mt]

)
∨
(
W∗

i,[Mt−1,Mt]
∧ ¬σ∗i,[Mt−1,Mt]

)

cluster expansion or shrinkage.

Definition 10. External Transition: these transitions refer to
the interaction between clusters which are inferred using the
internal transitions, and can be categorized into five types:
survival, disappearance, appearance, splitting, and mergal.

The external transitions, for a cluster Ci taking place at
the time elapsed between two milestones [Mt−1,Mt], are in-
ferred using the transition characterization rules described
in Table 3, where the conditions and their symbols are given
in Table 2.

Note that survival encompasses several possible scenarios,
including, in the order of conditions listed in Table 3: aging
of points, gaining points at the border of the cluster, densifi-
cation or addition of points near the center, and absorption.

For example, if both the cardinality and scale have in-
creased, then if the cluster was updated between Mt−1 and
Mt, this would mean that the cluster gained new data points
near its border. Otherwise, the cluster must have merged
with a different cluster. A similar analysis is done on the
rest of the transitions.

2.2.6 The TRACER Algorithm
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Algorithm 1 TRACER (At time period t)

Input: Cluster metric values Pi stored after receiving the last ΔReg

data points

Output: Regression Models ΞPi,[t−1,t] (Def. 4) and Behavioral

Profiles Hi (Def. 8)

1.FOR each cluster Ci , i = 1, .., K

2. FOR each metric Pi

3. IF a milestone is detected (Def. 5)

4. Create a new regression model for Pi

5. Find the transitions using the rules in Table 3

6. ELSE

7. Update the regression model for Pi

8. END IF

9. END FOR

10.END FOR

TRACER is invoked every time that ΔReg data points
have been encountered, and as an input, requires the ΔReg

values of the cluster metrics. These values are temporarily
stored and then discarded once TRACER is completed. The
complete steps of TRACER are listed in Algorithm 1. For
each of the clusters, it detects whether a milestone exists
(i.e. the regression model is significantly different from the
previous model); and if a milestone is detected, then a new
regression model is created and the transition characteriza-
tion rules (Table 3) are applied for the current milestone to
compare it with the previous milestone, otherwise the re-
gression model is updated to absorb the behavior of the two
consecutive time intervals as described in Section 2.2.3.

2.2.7 Tracking cluster merging and splitting
When two clusters are to be merged, the new cluster

should carry on both the structural (e.g. scale) as well as
the behavioral (i.e. stability) information of the two clusters,
while giving more importance to the one with higher qual-
ity. Merging the structural information is done by the online
clustering algorithm (Section 2.1). For clusters Ci and Ck to
be merged, the behavior of their cluster descriptor metrics
(i.e. cardinality and scale) are compared, and their behavior
is merged, as a weighted sum using the cardinality (W ), if
they are significantly similar. More specifically, we consider
the slopes (β1) at all the milestones for each cluster as a
time series, then find their Euclidean distance. Note that
we only consider the slope and not the intercept (β0) of the
regression models, because we are comparing the behavioral
trend and not the value. If the behavior of all the cluster de-
scriptors are significantly different between Ci and Ck, then
we keep the behavior of the higher quality cluster (based on
the validation metric or an algorithm specific metric). The
stability measures of the higher quality cluster are inherited
by the new cluster. This means that although two clusters
may meet and merge at some point in time, they may have
arrived at a common point, however, starting from different
points and each evolving through its own distinct history.

In the case where a cluster is split into two clusters, then
both clusters would inherit the same behavioral profile of
the original cluster. Note that both mergals and splitting
are considered as milestones (Def. 5).

2.2.8 Computational and Memory Complexity Anal-
ysis

We focus only on the complexity of the second component
(TRACER) since the complexity of the first component (i.e.
stream clustering algorithm) depends on the algorithm used.

Time Complexity.
The frequency of invoking TRACER depends on the size

of the regression window (ΔReg). More specifically, if the
length of the stream is N , then TRACER is invoked a num-
ber of times equal to to the smallest integer greater than N

ΔReg

, i.e.
⌈

N
ΔReg

⌉
. The time complexity of TRACER (Algorithm

1) is linear and equal to O(K × |P |) where K is the aver-
age number of clusters maintained through time and |P | is
the number of metrics describing the cluster. Thus the total
time complexity is:

T (N) = O

(
K × |P | × N

ΔReg

)
(3)

Note that TRACER does not involve the data dimen-
sionality in its calculations since it maintains the regression
models of the cluster metrics which are scalar values. The
transition characterization (Table 3) finds the neighborhood
of a cluster using a distance function (which would be af-
fected by dimensionality); however, most stream clustering
algorithms provide this as a by product. For this reason, we
do not consider it to be part of TRACER’s complexity.

Memory Complexity.
Capturing the evolution information of clusters may raise

the concern of a memory complexity overhead, however us-
ing regression analysis will significantly reduce this over-
head. If we do not use regression analysis, then in order to
track the clusters’ evolution, the average number of values
that need to be stored for each of the metrics would be the
product of the length of the data stream (N) and the aver-
age number of clusters detected throughout the data stream
(K), hence for all metrics, O(K × |P | × N), where |P | is
the number of metrics describing the cluster. On the other
hand, when using regression modeling, only two values (re-
gression coefficients β1 and β0) are needed to be stored for
each of the metrics at the end of each interval (ΔReg), which
leads to a reduction by a factor of ΔReg/2 in needed mem-
ory space. Furthermore, since new regression models are
calculated only when a milestone is detected and are up-
dated otherwise, as discussed in Section 2.2.3, and assuming
that clusters do not go through radical deviations every time
that regression analysis is performed, the memory needed to
store the regression coefficients will be further reduced. The
memory complexity of TRACER is thus given in (4).

Memory = O(NumOfMilestones×K × |P |) (4)

2.3 Complete Generic Framework for Stream
Cluster Tracking and Validation

Algorithm 2 lists the major steps in Stream-Dashboard.
The first component of the framework, the online clustering
algorithm (Section 2.1), is called when a new data point or
batch of points are available and it updates the clustering
model. Whenever ΔReg points are encountered, the frame-
work calls the second component, TRACER from Section
2.2, which builds and maintains the regression models of
the clusters’ behavior. When two clusters are merged, their
behavioral profiles are also merged as described in Section
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Algorithm 2 Stream-Dashboard Pseudo-Code

Input: Data Stream X = {xj , ∀j = 1, ..., N}
Output: Clustering Model ζ = {Ci, ∀i = 1, ..., K} and Behavioral

Profiles (H)

1.FOR j = 1 to N //Loop through the data stream X

2. OnlineClustering(xj) ;//Call an online clustering algorithm

(e.g. [2, 5, 12])

3. Update clustering model ζ

4. IF mod(j,ΔReg) = 0 //If ΔReg (the size of the Regression

Window) data points have been encountered

5. TRACER(Pζ); //ΔReg metric values for each cluster in ζ

(Algorithm 1)

6. END IF

7. IF two clusters Ci and Ck were merged using the online

clustering algorithm or the rules in Table 3

8. MergeClustersBehavior(Ci,Ck);

9. END IF

10. IF a cluster Ci is split into Ck and Cm using the online

clustering algorithm

11. HPk
= HPm = HPi

//Inherit the same behavioral profiles of

Ci

12. END IF

13.END FOR

2.2.7. When a cluster is split, its behavioral profile is inher-
ited by the two new clusters. It should be noted here that in
the case where the clustering algorithm does not explicitly
merge or split clusters, merging must be inferred without
relying on the (unstored) past data points. Our framework
detects merging using the Transition Characterization Rules
in Table 3.

3. EXPERIMENTS
We will evaluate the quality of TRACER, the tracking

component of Stream-Dashboard, whose output is a set of
regression models that summarize the evolution behavior of
the cluster metrics over time as well as the milestones of
changes for these metrics. Hence, we evaluate how well the
regression models reflect the cluster behavior and the ac-
curacy of the milestone detection. Since our tracking and
validation framework is generic with respect to the choice of
the first component, we illustrate our framework using two
stream clustering algorithms: Growing K-Means (GKM)
[12], and RINO-Streams (RINO) [4] (a density-based stream
clustering algorithm that resists outliers and generates a rich
output model consisting of cluster centroids, scales, age, car-
dinality and density).

Datasets.
In order to test against a ground-truth of milestones, sev-

eral two dimensional datasets were generated using a ran-
dom Gaussian generator, and the behavior of each metric
was simulated by generating linear regression models and
interpolating them together, and considering the points of
interpolation as milestones. Each regression model was gen-
erated based on random coefficients. To make sure that a
milestone exists, we draw the coefficients of each consecutive
regression models from different intervals. Moreover, the fre-
quency of milestones in time was controlled (i.e. the length
of each regression model). The time of milestone occurrence
was random; however, each two consecutive milestones were
guaranteed to be separated by at least a minimum percent-

Table 4: Dataset Properties & Component 1’s Clustering
Algorithms used in our experiments

Dataset #Pts Noise% Description 1st component

DS1A 20000 0
1 cluster that

changes in scale
RINO & GKM

DS1B 700 0

1 cluster that

changes in

cardinality

RINO

DS5 2625 25

5 clusters with

random arrival

order

RINO &GKM

age of the stream length (we set it to 1% of |X|). The data
set properties are listed in Table 4.

Evaluation Metrics.
To evaluate the accuracy of finding the milestones, we find

the closest milestone detected by TRACER to the ground-
truth milestones, and if the distance is less than a threshold,
as a percentage of the regression window size (ΔReg), then
we consider it to be correctly detected. Finally, we com-
pute the number of correctly detected milestones, missed
milestones and extra detected (spurious) milestones, and we
calculate the recall, precision and F1 measures for the de-
tection. The quality of the regression model itself is assessed
using the average coefficient of determination statistic (R2)
over all regression models.

Experimental Setup.
For TRACER’s parameters, we performed trial and error

validation on many different data sets to find the best values.
More specifically, we varied the values of the parameters as
follows: ΔReg = [50, 100, ..., 500], θmax = [10, 15, ...30] and
tmin = [50, 100, ..., 300]. For each experiment, we found the
average using 100 clusters. Based on the results of this vali-
dation, we set the regression window size (ΔReg) to 100, the
angle threshold value (θmax) to 15 degrees (Definition 4),
and the age grace period (tmin) to 100 (Table 2). Note that
we also performed a sensitivity analysis of these parameters
as discussed later in Section 3.5. These values will be used
for all the experiments unless stated otherwise. The exper-
iments aim at evaluating the performance and accuracy of
tracking the evolution of clusters over time. Hence, although
the results depend on the quality of clusters generated by the
online clustering algorithm, we used the default parameter
values for the online clustering algorithms (RINO-Streams
[4] and GKM [12]).

3.1 Tracking Internal Transitions
To evaluate the accuracy of tracking cluster changes, we

used GKM and RINO-Streams in component 1 on dataset
DS1A. Figure 2 shows the detected regression models for the
scale versus its groundtruth. TRACER was able to detect
the scale increase, stabilization and subsequent decrease as
data arrived with gradual diffusion toward the outside of the
cluster (away from the center), then again a densification
near the center. The continuous validation of the cluster-
ing algorithm outputs in component 1, shows that RINO-
Streams achieves a better estimate of the scale compared to
GKM. This is due to the fact that it uses a forgetting factor
(i.e. giving more importance to newer data points), hence,
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Figure 2: DS1A: Online Validation of the Tracking and Sum-
mary of the Cluster Scale Evolution using Regression Models
against their Ground-truth for two different online clustering
algorithms used in Component 1.
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once the new points start emerging at a smaller scale (closer
to the centroid), they cause the scale to decrease (hence the
higher number of detected milestones). On the other hand,
GKM does not use a forgetting factor, hence allowing all
the points to have the same influence on the scale estima-
tion which in turn can only stabilize at a high value.

3.2 Detecting External Transitions
Detecting external transitions is done by analyzing the

internal transitions over time and applying the rules in Table
3. We conducted an experiment using RINO-Streams [4] to
detect the clusters on DS1B to illustrate detecting survival
transition.

Figure 3(a) shows a single cluster that undergoes three
different kinds of survivals. The scale and cardinality regres-
sion models are shown in Figure 3(b). The survival transi-
tions are detected using the rules in Table 3 as follows:

• Absorption between time period 1-500 (data points
shown in red): The scale increases slightly then sta-
bilizes, while the cardinality keeps increasing.

• Gaining points at the periphery at time period 501-600
(data points shown in blue): The scale increases while
the cardinality decreases slightly, then increases. The
cardinality decreases at the beginning because the new
points have less weight (since they are at the periph-
ery) while the points that had high weight start losing
weight with time, but as more and more new points
keep arriving, the older points weight loss is compen-
sated by the gain resulting from the new points, thus
the cardinality increases again.

• Gaining points at the center at time period 601-700
(data points shown in green): The scale decreases while
the cardinality increases. These points are closer to the
centroid, hence, they have higher weights, and the car-
dinality increases fast as opposed to the previous time
period.

3.3 Online Validation of the Output Cluster
Models Through Time

One of the contributions of Stream-Dashboard is the abil-
ity to validate the clustering model on the fly by observing

Figure 3: DS1B: Validating Survival Transitions
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the behavior of the detected clusters through time. For this
purpose, we ran an experiment to compare two stream clus-
tering algorithms used in Component 1: Growing K-Means
(GKM) [12] and RINO-Streams (RINO) [4]. We ran both
algorithms on DS5, and we used the default parameter val-
ues. Moreover, we kept the bad clusters to observe their
behavior. The size of the regression window (ΔReg) was set
to 200 (i.e. we call TRACER every 200 points).

Figure 4 show the density regression models for GKM and
RINO respectively. In Figure 4 (a), the density of six clusters
seems to be increasing at a constant rate, while the other
four clusters have lower density at a smaller rate of increase.
Hence, we can conclude that six clusters are valid, while the
other four are bad clusters (outliers). On the other hand,
Figure 4 (b) shows that the density of only five clusters
(which is the correct number of clusters) are increasing and
hence are valid. The other four clusters have much lower
density and their density is mostly stable. Hence, we can
conclude that RINO-Streams outperforms GKM, since the
density of the outlier clusters computed using the former
can be easily detected and suppressed based solely on their
tracked density trend.

3.4 Evaluation and Comparison of the Clus-
ter Trend Summary’s Space and Quality
against a Fixed Interval Width Baseline

To evaluate the performance of TRACER against other
methods, we compare its generated outputs against those
produced by a common baseline model that stores the met-
ric values at arbitrary fixed periods of time, which are a
percentage of the regression window size (ΔReg). For exam-
ple, if the arbitrary window is 10% and ΔReg = 200 then the
baseline model saves the metric every 20 points. The mem-
ory savings that result from using TRACER are shown in
Figure 5, which shows the ratio of the size of TRACER’s re-
gression models (in bytes) with respect to the size produced
by the baseline model for different percentages of arbitrary
window sizes. It can be seen that TRACER saves more
memory than the baseline model (i.e. ratio < 1) for all arbi-
trary window sizes. The reason is that TRACER only saves
the regression models when there is a detected milestone
(Section 2.2.3). Moreover, as the arbitrary window size in-
creases, the memory savings decrease since fewer values are
stored in the baseline method.
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Figure 4: DS5: Validating and Tracking the Outputs of
Two Different Online Algorithms using Density Regression
Models
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Figure 5: Memory Savings Compared to Baseline
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In addition to the memory savings, we also compared
the quality of the summary regression models generated by
TRACER, based on the R2 statistic as shown in Figure 6.
To find the R2 for the baseline model, we used the metric
values stored at arbitrary locations and generated a linear
model using every consecutive pair of values, then we found
the average R2 over all intervals of size ΔReg. The results
show that the baseline model with small window size (10%
and 20% for Scale and Cardinality, and 10%-40% for Den-
sity) outperforms TRACER. This is expected since a smaller
arbitrary window results in more accurate regression mod-
els, however at the expense of a higher memory cost. That
said, TRACER outperforms the baseline model for all the
other baseline variations.

3.5 Sensitivity Analysis
In this section, we study the effect of the regression win-

dow size and the angle threshold while fixing the other pa-
rameters as shown in Figures 7 (a) and (b) respectively.
The figures also show the standard deviation of the eval-
uation metrics plotted as two small lines above and below
the metric measurement. Figure 7 (a) shows that as the re-
gression window size increases, the quality of both the mile-
stone detection (except for Precision) and regression model
decreases. This is expected since a wider regression window
results in a smoother regression model, which might cause
some milestones to be missed. Figure 7 (b) shows that the
angle threshold has minimal effect on the quality of the mod-
els.

To further study the effect of TRACER’s parameters on
Stream-Dashboard’s performance, we measured the time and
memory complexity of TRACER using different regression
window sizes (Figure 8 (a)) and different angle threshold
values (Figure 8 (b)). The time complexity represents the
number of times that new regression models are generated
and how many times they were updated (i.e. steps 4 and 7
in Algorithm 1).

Figure 8 (a) shows that as the regression window size in-
creases, the time and memory complexity increase, as ex-
pected, since a wider regression window results in less invo-
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Figure 7: Sensitivity Analysis
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Figure 8: Time & Memory Complexity of TRACER
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cations to the TRACER algorithm (i.e. less time complexity
as shown in Eq. 3), hence, fewer regression models need to
be generated (thus less memory needed).

Figure 8 (b) shows that an increase in the angle threshold
results in an increase in the time complexity and a decrease
in the memory complexity. The angle threshold is used to
determine when a milestone is present (Def. 5). Hence,
a larger threshold results in fewer milestones, thus fewer
regression models, which in turn means lower memory re-
quirements. However, a lower number of milestones means
that more regression models need to be updated (Step 7 in
Algorithm 1), hence the increase in time complexity. On the
other hand, a decrease in the angle threshold results in more
milestones and more regression models (thus an increase in
memory complexity), and fewer regression model updates
(thus a lower time complexity).

4. CONCLUSIONS & FUTURE WORK
We presented a generic framework (Stream-Dashboard)

that provides the means to track the evolution of clusters
detected in a data stream over time, using two components
: (i) an online clustering algorithm component in which we
can use any online stream clustering algorithm (in particu-
lar, we have successfully used RINO-Streams [4] and Grow-
ing K-Means [12]) and (ii) a tracking and validation com-
ponent. The second component called TRACER, which is
the main contribution presented in this paper, builds sum-
mary regression models for the evolution of the metrics of
the discovered clusters through time, and uses statistical
tests to assess the behavior of these clusters. To the best of
our knowledge, there is no other work that used regression

or any other summarization/modeling and testing to track,
profile and visualize the evolution of data stream clusters
and their metrics in an economical way and on the fly. For
future work, we plan to test our framework on bigger data
and introduce a third component, called configuration adap-
tation, which will build behavioral profiles for ’good’ and
’bad’ clusters and use their properties to (i) reduce the sen-
sitivity associated with using some threshold parameters to
judge the quality of the clusters by adjusting those threshold
parameters based on the behavioral profiles of ’good’ clus-
ters, and (ii) provide valuable feedback about the initial pa-
rameter values (when a new cluster emerges) thus allowing
us to automatically adapt those parameters over the lifetime
of the data stream instead of keeping them constant. Using
the behavioral profiles to judge cluster quality and to up-
date the initial parameters would help close the loop of the
knowledge discovery process.
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