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Abstract. In most of current research works on Quality of Service (QoS) based 
web service selection, searching is usually the dominant way to find the desired 
services. However, sometimes, requestors may not have the knowledge of the 
available QoS attributes and their value ranges in the registry, or they may only 
have vague QoS requirements. Under this situation, we believe that browsing is 
a more appropriate way to help the QoS-based service selection process. In this 
paper, we propose an interactive QoS browsing mechanism to first show an 
overview of the QoS value distribution to requestors and then gradually present 
more and more detailed views on some requestor interested value ranges. We 
find that interval data (or more generally symbolic data) is a more proper type 
to represent the QoS value, compared with the single valued numerical data. So 
we use interval clustering algorithms to implement our browsing system. The 
experiment compares the performance of using different distance measures and 
shows the effectiveness of the interval clustering algorithm we use. We also use 
a sample data set to illustrate the interactive QoS browsing process. 

1   Introduction 

Web service discovery and selection have been extensively studied in recent years. 
There are two major categories of approaches. The first one is based on the functional 
descriptions of web services and usually the syntactic or semantic matching is done 
[9] [18]. The second category is based on the non-functional properties of services, 
such as various QoS attributes and trust and reputation measurements [1] [3] [12] [14] 
[15] [19] [21]. QoS values can be obtained from publishers’ descriptions, signed con-
tracts between publishers and requestors such as Service Level Agreement (SLA), and 
monitoring engines set up by the service registry or a third party. Trust and reputation 
[20] value is calculated based on previous requestors’ experiences of using those 
services or dealing with those providers. It could also be considered as a special type 
of QoS attributes, and therefore, in this paper, we simply refer to this category of 
approaches as the QoS-based selection method. In QoS-based service selection, re-
questors submit their QoS requirements, then services are chosen based on the ob-
tained QoS data, which is usually a multi-factor decision making process.  

There is one fundamental problem in this QoS-based selection process. Most of 
current approaches assume that requestors can formulate a QoS query correctly, 
which might not be true sometimes. Requestors may not have the knowledge about 
which QoS attributes are measured by the registry, or more commonly, what are the 
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exact value ranges of those QoS attributes, which usually leads to an unsuccessful 
search. For instance, a service requestor wants to find a service with a high reliability 
level, and thus he puts the request as “reliability>99%”, however, none of the services 
in the registry achieves this level, and the maximum reliability is 97%. In this case, no 
matching result could be returned, but when no other choices are available, the re-
questor can accept a service with reliability 97%. This example shows the problem 
with searching when improper query is submitted. Also many of the QoS require-
ments are considered as soft constraints, which means requestors only have a fuzzy 
requirement on QoS values and it is often negotiable. For this kind of QoS require-
ments, searching on a fixed value is not a good option. 

Information seeking on the web [5] is usually considered as an integrated activity 
of browsing and searching. When users have a particular information need, searching 
is a better way of finding information; when users don’t have a clear idea about what 
they are looking for until the available options are presented, or users don’t know how 
to formulate a query properly due to the lack of knowledge on the vocabulary or the 
corpus, browsing is a better way. Browsing is also better on keeping the relevant 
context information, which is crucial in some information seeking tasks.  

We believe that QoS-based service selection should also be an integration of 
browsing and searching. Based on requestors’ QoS requirements and their knowledge 
level, sometimes searching is a better choice, and sometimes browsing is a better 
choice. When a requestor first enters a service registry, browsing is the most appro-
priate way to navigate through a set of services which implement the similar functio-
nalities. After the requestor gains some knowledge on the QoS value distribution in 
the registry, a QoS query could be formulated in a more accurate way and thus the 
subsequent searching could be more accurate. The requestor can also continue the 
interactive browsing until the desired service is identified. One advantage of the inter-
active browsing over searching is that requestors can be more actively involved in the 
whole selection process, which is especially helpful for vague and negotiable QoS 
requirements. In this paper, we focus more on the browsing part.  

Since interval data is a more proper type to represent QoS values, compared with 
the single valued numerical data, we propose to use interval clustering to group ser-
vices together based on their QoS values, and present the QoS clusters to requestors 
so that they could have a better knowledge on the QoS value distribution pattern in 
the registry. Based on the initial clustering, requestors could choose a few clusters 
they are interested in, then the system would re-cluster this subset and present the re-
clustered results, and it could repeat until requestors find their desired services. Dur-
ing this process, searching is always an alternative route of selecting services. 

There are three major contributions of the paper. Firstly, to the best of our know-
ledge, it is a novel idea of considering QoS-based service selection as an integrated 
activity of searching and browsing and proposing an interactive QoS browsing me-
chanism. Secondly, we use an efficient clustering algorithm iteratively to help reques-
tors get more refined and focused view of their interested QoS values in the interac-
tive browsing process. Thirdly, we represent the QoS data for each service as a vector 
of interval data, which is more accurate, and use interval clustering instead of the 
traditional clustering algorithms so as to avoid the loss of information.  

The rest of the paper is organized as follows. Section 2 reviews the related works. 
Section 3 describes the properties of the QoS data, explains the interval clustering 
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algorithm which we believe is the most appropriate clustering algorithm for QoS data, 
and defines our interactive QoS browsing algorithm. Then in section 4, we explain 
our experiment steps, analyze the results, and then use one example to illustrate the 
interactive browsing procedure. Finally in section 5, we conclude the paper.  

2   Related Works 

There are three areas of research works we will review: QoS-based service selection, 
information seeking and interactive browsing on the web, and interval clustering. 

Web service selection is a two-step process: searching for services which could 
match requestors’ functional requirements, and making a selection of services which 
could also satisfy requestors’ non-functional (i.e. QoS) requirements. In the second 
step, similar services are filtered on the hard-constraint QoS requirements, and then 
ranked based on the soft-constraint QoS requirements. There are many issues in QoS-
based service selection. We mainly review the QoS models and selection algorithms.  

Different QoS models have been proposed to include various QoS attributes. In 
[15], the author defines four categories of QoS attributes: runtime related, transaction 
support related, configuration management and cost related, and security related. In 
[20], QoS attributes are categorized into four types: performance, dependability, secu-
rity, and finally the application-specific metrics. In many other papers [3] [12] [14], 
the necessity to include domain specific QoS is also recognized, as well as the indi-
vidual requestor’s unique need on the QoS criteria.  

There are many different QoS-based selection mechanisms. In [14], a fair and open 
QoS computation model is proposed and implemented in a service registry. QoS val-
ues are normalized and similar qualities are grouped. Then a linear combination with 
user preference based weights is used to calculate the final QoS value. They also 
enforce a policing mechanism to prevent the manipulation of QoS values from re-
questors. In [12], optimal service selection is achieved through the multi-attribute 
decision theory methods, the declarative logic-based matching rules are specified 
instead of the hard-coded matching algorithms, and therefore the whole algorithm is 
more flexible. In [19], for each service, based on the previously collected quality data 
with its trustworthiness and credibility, a time series forecasting technique is used to 
predict its future quality conformance level, and a simple additive weighting method 
is used to calculate the final QoS value. In [3], the service domains and QoS specifi-
cations are treated as subspaces in a multidimensional space. The QoS parameters 
published by providers are modeled as point data, whereas the requestor’s parameter 
specifications are represented as constraints on these points. So the subspace cluster-
ing can be used to identify the matching services.  

Browsing and searching are considered as two complementary ways of accessing 
information on the web [5]. When users have specific information needs, they would 
submit a query to a search engine such as Google, and then try to find the result from 
the returned ranked list of web pages. When users are not looking for anything in 
particular, or don’t know how to formulate a query properly, they could go to a direc-
tory site such as Yahoo, or use some navigation tools such as Scatter/Gather [6].  

The basic idea of the Scatter/Gather browsing method [6] is that: given a document 
collection, the system scatters it into a small number of clusters, and generates a 
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summary for each cluster and presents to the user; the user can then select one or 
more clusters for further study based on summaries; the selected clusters are gathered 
together and the system then applies clustering again to scatter this sub-collection into 
a small number of clusters and presents to the user; this process could continue until 
the individual desired document is identified. Since the efficiency is really important 
in this interactive browsing process, there are a few follow-up works such as [11] 
trying to improve the efficiency of the on-the-fly clustering algorithm to make the 
system more feasible for the real use.  

Clustering is an unsupervised learning technique to identify the natural groupings 
of data objects based on distance or similarity measures between them. There are two 
types of clustering algorithms, namely, partitioning and hierarchical. The first type 
generates flat clusters where each object is distinctly grouped into separate clusters by 
iteratively relocating the cluster centers. The second type produces a tree like struc-
ture that progressively join the most similar data at each level of the hierarchy.  

Most of the clustering algorithms deal with the vector data, and in the vector, each 
item is a numerical value. There is a branch of clustering algorithms which specially 
deal with the interval data or more generally symbolic data. Symbolic data analysis 
[8] is a novel way of analyzing multi-valued data variables. It can handle variables of 
type numerical, interval, categorical, enumeration and modal, in which interval data is 
the most common type of study. For the interval data, interval clustering algorithms 
could produce more accurate clustering results than applying traditional clustering 
algorithms on representative single point values (e.g. midpoints of intervals), and 
furthermore, the structure information of the interval data will not be lost.  

In [7], a dynamic clustering algorithm is used for the interval data with a two-step 
relocation process, which involves identification of prototypes representing each 
cluster by the local optimization of an adequacy function, followed by the allocation 
of data individuals to the correct clusters using their proximity from the prototypes. 
The algorithm repeatedly re-identifies new cluster prototypes followed by the re-
allocation step until the adequacy function converges. The proximity is measured by 
two adaptive versions of the city-block distance. In another paper [4], the dynamic 
clustering algorithm is used with Hausdorff distance measure and the two-component 
dissimilarity measure. Other than the partitioning algorithms discussed in above pa-
pers, the hierarchical clustering also can be used for interval data. In [10], an agglo-
merative algorithm for symbolic data based on the combined usage of similarity and 
dissimilarity measures are presented, and these proximity measures are defined on the 
basis of the position, span and content of symbolic objects. There are also various 
other methods available for interval clustering, which are not reviewed here. 

The work described in [13] is quite similar to ours because it also uses interval 
clustering to group QoS data. But there are two key differences: firstly, it is more for 
service providers, to present the clustered QoS values to them so that they could have 
a better idea about what range of QoS values they should provide in order to attract 
more requestors and compete with other providers, whereas our approach is more for 
requestors to select desired services; secondly, it only considers a single QoS attribute 
for clustering whereas our method considers QoS vectors which include the whole 
range of QoS attributes.  
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3   Interactive QoS Browsing for Service Selection 

3.1   QoS Attributes of Web Services 

There are many QoS attributes [15] [20] proposed for the web service selection. A few 
common ones include response time, throughput, reliability, availability, scalability, 
reputation, cost, and a few security properties such as authentication, confidentiality, 
etc. In this paper, we consider three important quality attributes – reliability, response 
time, and cost. Reliability is defined as the ability of a service to perform its required 
function following the stated conditions for a specified time period. Response time is 
defined as the difference between the time when a service is invoked and when the 
service invocation is completed. And cost or price is given by the amount of money 
paid by requestors to service providers on invoking and using the service successfully 
or with failure depending on the terms signed in agreement documents. Although cost 
is not part of QoS as specified in [20], it is considered as a QoS attribute in many 
other papers. In this paper, for the simplicity reason, we still consider it as a QoS 
attribute. Our proposed algorithm is flexible to include any number of quality 
attributes. However, in the experiment, it is only tested on these three attributes. 

In many QoS selection papers [12] [15] [19] [21], QoS value is assumed to be nu-
merical. Below is a segment of a sample tModel with the QoS information [21]: 

<keyedReference tModelKey= “uddi:uddi.org:QoS:Price” 
keyName= “Price Per Transaction” keyValue= “0.01”> 

<keyedReference tModelKey= “uddi:uddi.org:QoS:ResponseTime” 
keyName= “Average Response Time” keyValue= “0.05”> 

<keyedReference tModelKey= “uddi:uddi.org:QoS:Availability” 
keyName= “Availability” keyValue= “99.99”> 

<keyedReference tModelKey= “uddi:uddi.org:QoS:Throughput” 
keyName= “Throughput” keyValue= “500”> 

From this example, we could see that each QoS attribute is measured by a single nu-
merical value. However, it is only a simplified representation of the real values. For 
instance, response time is usually different in different service invocations, and so an 
average value like in this example can only approximate the actual delivered values. It 
would be more useful if the requestor could know the provider-promised upper and 
lower bound of this value. It is also more reasonable for providers to publish a value 
range of the response time instead of an average value. Even as in this example, an 
interval such as (0, 0.05) would be more clear. If we look at the availability, 99.99 
refers to the minimum required availability, and in a more accurate way, availability 
should be (99.99, 100). Similarly throughput is also represented using the minimum 
value, it might be higher than this published value and the maximum possible value is 
restricted by the system capacity. The observation on these QoS attributes is also true 
for many other attributes, and therefore, we believe that the interval data should be a 
more accurate type to represent the QoS attribute. Sometimes, if the range is only 
fixed on one end (e.g. availability>99), it could be converted to two ends (e.g. 
99<availability<100); or if the quality (e.g. price) is a single numerical value, it could 
still be converted to the interval data with both ends equal to this value. As pointed 
out in [3] [14], QoS values could also be Boolean or enumeration or other types. So 
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the symbolic data is the most appropriate type to represent the QoS attribute. In this 
paper, since the three QoS attributes we choose are all interval data, we use interval 
data analysis instead of the more generic symbolic data analysis. 

3.2   Iterative Clustering for QoS Browsing 

In QoS-based web service selection, the main task for requestors is to find a service 
among a set of functionally similar services which also satisfies their quality require-
ments. It is very likely that requestors may not have any knowledge about the QoS 
value distribution in this set, and QoS offered by different providers might also 
change over time. Due to requestors’ lack of knowledge and the dynamism of QoS 
values, we propose an interactive QoS browsing mechanism which could guide re-
questors in this selection process. Pure browsing is not feasible for a big collection 
such as the web, but for a smaller collection, it is an effective information seeking 
approach, which in fact is the case for our study. Another reason we choose the inter-
active browsing approach is that QoS-based selection usually involves the decision-
making on the tradeoff among different QoS attributes, and it is more reasonable to 
include requestors in this process than doing it automatically for them. Automatic 
decision making algorithms need requestors to specify their preferences and con-
straints very clearly, which could be very hard for them due to their lack of know-
ledge or the vagueness of the QoS requirements. We believe that the user involvement 
in this QoS selection process is very important to make the best decision. 

Clustering could organize a big collection into a small number of clusters so that it 
is more comprehensible. In this paper, we propose an interval cluster based interactive 
browsing algorithm which implements the similar functionality as Scatter/Gather [6] 
and is catered for the QoS data set instead of the document collection as in Scat-
ter/Gather. Since the QoS values are symbolic data, we are going to use symbolic 
clustering algorithms or more specifically the interval clustering algorithms.  

3.2.1   Interval Clustering  
The input to our clustering algorithm is a set of QoS vectors, and each QoS vector 
includes intervals of p QoS attributes. Let QS = {Q1, Q2, …, Qn} be a set of n QoS 
vectors described by p interval variables. Each QoS vector Qi (i = 1, 2, …, n) is 
represented as ([q1s,i, q1e,i], [q2s,i, q2e,i], …, [qps,i, qpe,i]) where qjs,i and qje,i (j = 1, 2, …, 
p) represent  the start and end points of interval values for the j-th QoS attribute of 
this vector. In this paper, we choose three QoS attributes and so the value of p is 3. 

Both partitioning and hierarchical algorithms can be used for the interval data clus-
tering. Through our preliminary experiment, we found that the partitioning algorithm 
is more efficient and also more effective than the hierarchical algorithm for the inter-
val data. Therefore, we decide to use the partitioning interval clustering algorithm. 
Among different partitioning algorithms, we choose to use the dynamic clustering 
algorithm which is widely used in different interval clustering systems and known for 
its ability to globally optimize the data using simulated annealing [4] [7].  

According to the dynamic clustering algorithm, our method searches for a partition 
P = (C1, C2, …, CK) of QS in K clusters and a set of cluster prototypes G = (G1, G2, 
…, GK) which locally optimizes an adequacy criterion W(P, G) defined as, 
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, ,  (1) 

Where D(CQi, Gk) is a dissimilarity measure between a QoS vector CQi ϵ Ck and the 
cluster prototype Gk of Ck. 

We use two different distance measures namely, city block [7] or Hausdorff [4] to 
calculate the dissimilarity between two QoS vectors. The city block distance and the 
Hausdorff distance are defined respectively as, 

, | , , | | , , |  (2) 

, max | , , |, | , , |  (3) 

We now discuss the steps of the dynamic interval clustering algorithm. It requires 
user input in the form of K, the desired number of clusters in the result. The steps are 
described below. 

1. The algorithm is initialized by choosing a partition randomly, or choosing K 
distinct QoS vectors as prototypes G1, G2, …, GK and then assigning the re-
maining vectors to the closest prototype to construct the initial partition. 

2. The next step is to represent the cluster prototypes for the generated clusters as 
the median of the intervals. Gk (k = 1, 2, …, K) is represented as ([gq1s,k, 
gq1e,k], ([gq2s,k, gq2e,k], …, [gqps,k, gqpe,k]) where gqjs,k is the median of {cqjs,i, 
CQi ϵ Ck} and gqje,k is the median of {cqje,i, CQi ϵ Ck} (j = 1, 2, …, p). 

3. This step allocates all the QoS vectors to the closest prototypes to form the 
new partitions. 

4. The above two steps will be repeated until achieving the convergence of the 
algorithm, when the adequacy criterion (formula 1) reaches a stable value. 

At the end, all the web services are clustered according to their QoS attributes and the 
result K clusters are presented to requestors. 

3.2.2   Interactive Browsing 
In order to implement the interactive browsing system, we use the dynamic interval 
clustering algorithm repeatedly. The whole browsing procedure is explained below. 

1. Assume that we have used some algorithms to find out all the web services sa-
tisfying requestors’ functional requirements. Given the QoS vectors of this set 
of services as the input to the dynamic clustering algorithm, we could get an 
initial clustering of all QoS vectors and these K clusters will be presented to 
requestors along with the prototype for each cluster, the size of the cluster, and 
the range of all QoS attribute values in the cluster. With these clusters and 
their attached information, requestors could have a rough idea about how the 
QoS values are distributed within the set. 
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2. Based on requestors’ QoS requirements, they could choose one or more clus-
ters among these K groups. Then the selected QoS vectors are input to the dy-
namic clustering algorithm again, and requestors could see the newly formed 
K1 clusters, with a finer view on their interested QoS vectors.  

3. Step 2 could be repeated iteratively until a desired service is identified, or re-
questors have had enough knowledge to formulate a good QoS query so that 
they could continue the selection process with searching. Each time, Ki (i = 2, 
3, …) clusters are constructed and presented to requestors and requestors can 
make their choices accordingly. 

One of the problems we are facing is how we choose the K or Ki value. There are 
many possibilities. We could let requestors choose this value each time, or fix it as a 
pre-defined small number, or use some measurements to find an optimal value. In this 
paper, we use nbclust method [8] which tries to find a value that optimizes three dif-
ferent statistical indices as listed below.  

• C-H index: (B/(c−1))/(W/(n−c)), where n is the total number of QoS vectors, 
and c is the number of clusters in the partition of the data set. B and W denote 
the total between-cluster sum of squared distances (distance between cluster 
prototypes) and the total within-cluster sum of squared distances, respectively. 

• C-index: (V –Vmin)/(Vmax−Vmin), where V is the sum of within-cluster pair-wise 
distance. Optimal K value is fixed for the best minimal value 0 for C-index. 
This absolute minimum is attained when in a partition the biggest within-
cluster dissimilarity is less than the smallest between-cluster dissimilarity. 

• Γ-index:  (Γ+ − Γ− )/(Γ+ + Γ−). This measure compares the within-cluster and 
between-cluster pair-wise distances. The comparison is consistent (Γ+) if with-
in-cluster distance is strictly smaller than between-cluster distance and is in-
consistent (Γ−) otherwise. The maximum value for the index indicates an op-
timal K value. 

The combination of a greater value for C-H index, a value closer or equal to 0 for C-
index and a value closer or equal to 1 for Γ-index corresponds to the optimal K value. 
We will explain more details in the experiment part. 

Our work is inspired by the Scatter/Gather system. However, there are some key 
differences between our approach and the Scatter/Gather method. Firstly, in Scat-
ter/Gather system, the item to be clustered is a document, and it is usually represented 
as a vector of term weights which are numerical values. Whereas in our system, the 
clustering unit is a vector of service QoS values, and oftentimes, the QoS attribute is 
represented as symbolic data, or more commonly interval data. Secondly, the Scat-
ter/Gather method uses partitioning clustering algorithm to form clusters, and in order 
to find seeds, they use two agglomerative hierarchical clustering algorithms: one is 
Buckshot which is faster and used in the real-time clustering, and the other is Fractio-
nation which is more accurate and used in initial offline clustering. Whereas in our 
system, we use the dynamic interval clustering algorithm in both initial offline and the 
later iterative on-the-fly clustering and the seed points are chosen randomly. It is more 
efficient than using the hierarchical clustering algorithm to choose the seed points as  
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in Scatter/Gather, whereas the effectiveness is not sacrificed according to our experi-
ment results. Thirdly, the number of seeds in Scatter/Gather is a randomly chosen 
small number, whereas in our system, an optimal K could be identified by optimizing 
some statistical indices.  

4   Experiments 

There are two main purposes of the experiment: one is to show the effectiveness of 
the dynamic clustering algorithm; the other is to illustrate the interactive QoS brows-
ing process with a sample data set, especially how iterative clustering can help zoom-
in to requestor selected QoS vectors. 

4.1   Experiments on Interval Clustering Algorithm 

Since there are no standard data sets of web service QoS values available, we con-
ducted our experiment on simulated data sets. In order to make sure the simulated 
data is close to the real data, we referred to the value ranges and distribution patterns 
of different QoS attributes in a real data set [1], and for service cost, we referred to a 
few publicly available services [2] [16]. The data sets comprise a collection of inter-
val type vectors depicting various distribution patterns of QoS values, mainly for 
scenarios when there are natural data groupings. When the data is otherwise distri-
buted, our approach may not work well. The data points are generated following a 
multivariate normal distribution with the independent components using mean vectors 
(μ) and covariance matrices (σ). Altogether we generated 15 data sets, representing 
different distribution patterns, e.g. distinct clusters, overlapping clusters, clusters 
close to each other, clusters far apart from each other, densely distributed clusters, 
sparsely distributed clusters, etc. Some data sets also have noise data added to make 
them closer to real data. Two representative data sets are shown in Table 1. The first 
group consists of 300 data points that are spread across three distinct clusters while 
the second group consists of 350 data points across three overlapping clusters.  

Table 1. Distribution parameters for generating two data sets 

 Input parameters 
Data set 1: distinct clusters 
Total # of points = 300 
Total # of clusters = 3 

Group 1: (# of points = 100) 
μ1 = 155, μ2 = 700, μ3 = 180, σ1

2 = 64, σ2
2 =225, σ3

2 =144 
Group 2: (# of points = 100) 
μ1 = 170, μ2 = 770, μ3 = 210, σ1

2 = 25, σ2
2 =169, σ3

2 =196 
Group 3: (# of points = 100) 
μ1 = 180, μ2 = 840, μ3 = 240, σ1

2 = 9, σ2
2 =256, σ3

2 =169  
Data set 2: overlapping 
clusters (group 1 & 2 are 
overlapping) 
Total # of points = 350 
Total # of clusters = 3 

Group 1: (# of points = 150) 
μ1 = 150, μ2 = 210, μ3 = 280, σ1

2 = 25, σ2
2 =16, σ3

2 =9 
Group 2: (# of points = 100) 
μ1 = 140, μ2 = 212, μ3 = 275, σ1

2 = 25, σ2
2 =16, σ3

2 =9 
Group 3: (# of points = 100) 
μ1 = 133, μ2 = 1745, μ3 = 90, σ1

2 = 0.5, σ2
2 =9, σ3

2 =4 
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The data points generated are used as seed points to compute normally distributed 
interval vectors using the equation: ([a-γ1/2, a+ γ1/2], [b-γ2/2, b+ γ2/2], [c-γ3/2, c+ 
γ3/2]) [7]. The variables γ1, γ2 and γ3 are values randomly drawn from predefined in-
tervals and a, b and c refer to the three attributes of the seed point vectors. We used 
SODAS software [17] to run the clustering algorithm. A total of 50 replications per 
data set are generated to run and evaluate the performance. 

In order to measure the performance, we use the corrected Rand (CR) index [7]. It 
compares the clusters produced in an a priori classification with the results of the 
clustering algorithm. The a priori classification in our case refers to the partition in the 
seed points generated, which equals to 3 for our data sets. CR index is a good choice 
of assessment because it is insensitive to the number of clusters in a given partition 
and to the distribution of data vectors within a cluster. The index value ranges from 
either [0,1] or [-1,1], with values closer to 1 indicating the correctness of the cluster-
ing results and values closer to 0 or -1 indicating a lower level of agreement between 
the clustering results and the prior classification. 

First we compare the performance of dynamic clustering algorithm when using city 
block and Hausdorff distance measures respectively. Table 2 shows CR index values 
on two data sets when the value of K is set to 3. We could see that Hausdorff distance 
yields a slightly better result for data set 1 (distinct clusters), and we get mixed results 
for data set 2 (overlapping clusters). We conducted the same experiment on all 15 
data sets, Hausdorff always performs better for distinct clusters, and when data over-
laps more, city block sometimes performs better. Usually there is no big difference 
between their CR index values. It is also obvious that when the degree of overlapping 
becomes higher, CR index is getting lower. When data is well separated, we can 
achieve a very high CR index value. 

Table 2. CR index for different distance measures on two data sets 

Predefined intervals 
Data set 1 Data set 2 
City block  Hausdorff  City block Hausdorff 

γ1= [1,4] γ2 = [1,8] γ3 = [1,8] 0.9899 0.9899 0.7456 0.7593 
γ1 = [1,8] γ2 = [1,16] γ3 = [1,16] 0.9701 0.9701 0.7390 0.7390 
γ1= [1,12] γ2 = [1,24] γ3 = [1,24] 0.9800 0.9899 0.7737 0.5287 
γ1= [1,16] γ2 = [1,32] γ3 = [1,32] 0.9799 0.9799 0.4346 0.4806 

 
We also tested whether we can find the optimal K value using the nbclust method. 

The optimal K value found is always 3, which matches with the actual value for our a 
priori partition. So it verifies the feasibility of using this method to find optimal K. 
Efficiency-wise, in average, the time to run the dynamic clustering algorithm (by 
using SODAS) is 5 seconds, and when nbclust method is used, the time is increased to 
33 seconds, and we believe that both are acceptable for real-time usage. 

4.2   Illustrating the Interactive QoS Browsing Process 

The data set we used here is different from the previous ones. We generate 3 clusters, 
within each cluster, there are 3 sub-clusters which follow the multivariate normal 
distribution, and then we add some random points in each cluster and randomly in the 
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whole space. With random points, we believe that it is closer to the real scenario. 
Table 3 shows the input parameters and the min-max value ranges for generating 
random points in the order of reliability, response time and price. The 3D representa-
tion of the data set is shown in Figure 1. 

Table 3. Distribution parameters for generating data set 3 

 Input parameters 
Cluster 1 (150 points) 
 

1: μ1 = 154, μ2 = 212, μ3 = 188, σ1
2 = 0.45, σ2

2 =6.5, σ3
2 =3 

2: μ1 = 157, μ2 = 213, μ3 = 189, σ1
2 = 0.45, σ2

2 =7.25, σ3
2 =5 

3: μ1 = 155, μ2 = 220, μ3 = 190, σ1
2 = 0.65, σ2

2 =10, σ3
2 =4  

γ1 = [0.5, 1], γ2 = [1, 2] and γ3 = [1, 5] 
Cluster 2 (140 points) 1: μ1 = 165, μ2 = 420, μ3 = 160, σ1

2 = 2.5, σ2
2 =6, σ3

2 =1.75 
2: μ1 = 178, μ2 = 435, μ3 = 162, σ1

2 = 2.98, σ2
2 =3, σ3

2 =1.5 
3: μ1 = 186, μ2 = 420, μ3 = 161, σ1

2 = 1.95, σ2
2 =6, σ3

2 =1.5 
γ1 = [0, 1], γ2 = [1, 2] and γ3 = [2, 3] 

Cluster 3 (150 points) 1: μ1 = 191, μ2 = 250, μ3 = 240, σ1
2 = 0.65, σ2

2 =6, σ3
2 =3 

2: μ1 = 195, μ2 = 251, μ3 = 241, σ1
2 = 0.95, σ2

2 =8, σ3
2 =3 

3: μ1 = 192, μ2 = 248, μ3 = 261, σ1
2 = 0.5, σ2

2 =6, σ3
2 =5 

γ1 = [0, 1], γ2 = [3, 7] and γ3 = [5, 10] 
Random set 1 (50) [(74-80), (75-81)], [(100-113), (102-114)], [(89-95), (93-99)] 
Random set 2 (50) [(80-91), (89-100)], [(197-224), (205-225)], [(69-83), (78-91)] 
Random set 3 (40) [(88-96), (97-105)], [(111-132), (118-136)], [(114-127), (124-138)] 
Random set 4 (100) [(69-104), (82-116)], [(94-185), (120-210)], [(47-114), (59-127)] 

 

 

Fig. 1. 3D representation of data set 3 
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Now we illustrate the interactive QoS browsing using this data set. First the whole 
data set is fed into the dynamic clustering algorithm. In order to find the optimal K, 
we measure the three indices when 0 < K < 9, and the result is shown in Table 4. In 
nbclust method, the ideal case is that we could find a K value which is consistently the 
best for all three indices. If there is a conflict on the best K value for different indices, 
we should try to find a K which performs the best for two indices, or the next optimal 
option is a K which has a more obvious advantage on one index than the other two. 
Following this principle, we choose optimal K as 6 because it is the best for C-index 
and Γ-index, although it is not the best for C-H index. 

After we set K as 6, we do the first iteration of clustering. Since we haven’t 
implemented the full prototype yet, we just show the result in a table format. Table 5 
shows the clustering result in the first level. For each cluster, we present its size  
 

Table 4. C-H index, C-index and Γ-index for different K values in the first round 

K C-H index C-index Γ-index 
9 804.96862 0.01479 0.95104 
8 910.78817 0.01091 0.94830 
7 743.93457 0.02902 0.93490 
6 1182.20291 0.00525 0.96293    
5 1144.69582 0.01144 0.95409    
4 1274.30594 0.02241 0.94014 
3 1068.44013 0.08229 0.81188 
2 1407.47450 0.04466 0.93666 

 
Table 5. The first level clusters with K=6 

 Size Prototype Value range  Cluster composition 

1 69 [95.75, 96.44], 
[122.21, 125.8], 
[125.98, 134.35] 

[[95, 97], [96, 97]],  
[[119, 125], [122, 128]], 
[[124, 129], [132, 137]] 

50 from sub-cluster 3 of cluster 3, 
and 19 from random set 3 

2 191 [88.66, 89.34], 
[210.55, 212.16], 
[79.27, 81.88] 

[[80, 94], [80, 95]],  
[[207, 213], [208, 215]], 
[[77, 81], [80, 84]] 

140 from cluster 2, 50 from 
random set 2, and 1 from random 
set 4 

3 51 [84.52, 100.65],  
[156.39, 174.20],  
[84.19, 85.18] 

[[69, 104], [82, 116]],  
[[94, 185], [120, 210]],  
[[47, 114], [59, 127]] 

51 from random set 4 

4 130 [96.02, 96.64],  
[123.60, 126.84],  
[116.04, 124.40]  

[[88, 96], [97, 104]],  
[[111, 131], [118, 135]], 
[[114, 126], [125, 137]] 

100 from sub-cluster 1 and 2 of 
cluster 3, 21 from random set 3, 9 
from random set 4 

5 33 [82.36, 99.48],  
[113.65, 175.93],  
[84.00, 97.28]  

[[69, 104], [82, 116]],  
[[94, 185], [120, 210]],  
[[47, 114], [59, 127]] 

33 from random set 4 

6 206 [77.29, 78.06],  
[106.35, 107.98],  
[92.82, 95.89]  

[[75, 79], [76, 80]],  
[[102, 113], [103, 114]], 
[[89, 96], [92, 99]] 

150 from cluster 1, 50 from 
random set 1, 6 from random set 4 
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(the number of points in the cluster), the prototype - [gq1s,k, gq1e,k], ([gq2s,k, gq2e,k], 
[gq3s,k, gq3e,k]) (1 for reliability, 2 for response time and 3 for price, and k is from 1 to 
6), the value range for each QoS attribute ([min-reliability, max-reliability] [min-time, 
max-time] [min-price, max-price]), and the composition of the cluster. From this 
table, we could see that all 3 clusters in the original data set have been correctly 
identified, and the random data is clustered into different groups based on their 
values. 

By checking these clusters, suppose a requestor selects cluster 2 and 4 based on 
price and reliability. Again we need to find optimal K for this level. Table 6 shows the 
results for the 3 indices. We only show K values up to 5 due to the space constraint. 

Table 6. C-H index, C-index and Γ-index for different K values in the second round 

K C-H index C-index Γ-index 
5 2090.66573 0.01459 0.78485 
4 2615.39297 0.01775 0.78276 
3 3763.48829 0.01364 0.85353   
2 6961.86844 0.00002 1.00000 

 
From the table, we could see that the optimal choice is K=2. But since we have 2 

clusters already and we want to zoom in to see more details about these two clusters, 
we would choose the second optimal choice instead, which is K=3. Now we set K as 3 
and do the second iteration of clustering. Table 7 shows the clustering result in the 
second level. We could see that sub-clusters have been successfully identified. If we 
choose cluster 2 and continue the process, we could get results as shown in Table 8. 

Table 7. The second level clusters with K=3 

 Size Prototype Value range  Cluster composition 

1 44 [82.65, 83.13], 
[209.00, 210.58], 
[78.61, 81.13] 

[[80, 85], [80, 86]],  
[[207, 212], [209, 214]], 
[[77, 81], [80, 83]] 

40 from sub-cluster 1 of cluster 2, 
3 from random set 2, and 1 from 
random set 4 

2 130 [96.02, 96.64], 
[123.60, 126.84], 
[116.04, 124.40] 

[[88, 96], [97, 104]],  
[[111, 131], [118, 135]], 
[[114, 126], [125, 137]] 

100 from sub-cluster 1 and 2 of 
cluster 3, 21 from random set 3, 
and 9 from random set 4 

3 147 [89.50, 90.22],  
[211.26, 212.87],  
[79.51, 82.16] 

[[80, 94], [80, 95]],  
[[207, 213], [208, 215]], 
[[77, 81], [80, 84]] 

100 from sub-cluster 2 and 3 of 
cluster 2, and 47 from random set 
2 

 
From these three rounds of running clustering algorithm, natural clusters existing 

in the original data set could be identified, and we could also achieve the zoom-in 
effect in the re-clustering step, which is very helpful to give requestors more and more 
detailed views on their interested QoS values. In the above illustration, each time we 
try to find the optimal K first, and then do the clustering. Alternatively, requestors 
could specify a fixed K value, skip the step of finding optimal K and make the process  
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Table 8. The third level clusters with K=4 

 Size Prototype Value range  Cluster composition 

1 52 [82.65, 83.13], 
[209.00, 210.58], 
[78.61, 81.13] 

[[94, 96], [95, 97]],  
[[121, 127], [124, 130]], 
[[113, 117], [121, 126]] 

50 from sub-cluster 1 of cluster 3, 
1 from sub-cluster 2 of cluster 3, 
and 1 from random set 4 

2 20 [96.02, 96.64], 
[123.60, 126.84], 
[116.04, 124.40] 

[[88, 96], [97, 105]],  
[[111, 132], [118, 136]], 
[[114, 127], [124, 138]] 

20 from random set 3 

3 6 [89.50, 90.22],  
[211.26, 212.87],  
[79.51, 82.16] 

[[69, 104], [82, 116]],  
[[94, 185], [120, 210]],  
[[47, 114], [59, 127]] 

6 from random set 4 

4 52 [89.50, 90.22], 
[211.26, 212.87], 
[79.51, 82.16] 

[[96, 98], [97, 99]],  
[[121, 128], [123, 130]], 
[[114, 119], [122, 128]] 

49 from sub-cluster 2 of cluster 3, 
1 from random set 3, and 2 from 
random set 4 

 
faster. The problem is that user-defined K value might not work well for a tightly 
formed cluster in which all data points are very close to each other, and in this case, 
the cluster will be randomly partitioned into a few highly overlapping groups. 

5   Conclusions 

In this paper, we explain our idea of using interactive QoS browsing mechanism to 
help the web service selection process. Because of requestors’ lack of knowledge on 
QoS distributions in the registry, vagueness of the QoS requirements, and dynamism 
of the QoS values offered by providers, we believe that browsing is necessary for 
QoS-based service selection. Since most of the QoS data is interval data, or more 
generally symbolic data, we propose using interval clustering algorithm for the QoS 
browsing. Starting from the initial set of services with the similar functionality, we 
apply the dynamic interval clustering algorithm on their QoS vectors to get the initial 
clusters. Then with requestors’ selection on a subset of clusters and re-clustering on 
this subset, they could have more and more detailed views on their preferred QoS 
vectors. The experiment results show the effectiveness of the interval clustering algo-
rithm, and we also illustrate the process of the interactive QoS browsing. 

There are a few directions we can work on in the future. We could implement a 
prototype of the QoS browsing system. With a visual interface showing the distribu-
tion of data points in the clusters and related information such as prototypes, sizes, 
value ranges, and deviation levels of the clusters, requestors could make a more in-
formed decision to choose the best service satisfying their QoS requirements. We are 
aware that the proposed approach may not work well for all QoS data distribution 
patterns, and therefore we would like to find out under what situations it works better. 
In order to evaluate the performance, we could define some objective measurements 
(e.g. the time or the path length of locating the desired service), or conduct a user 
study to get users’ subject opinions on the performance. We would also like to apply 
the more generic symbolic clustering algorithms and test the performance. 
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