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Abstract
The studies of browsing behavior have gained increasing attention in web analysis for providing better service. Most of the 
conventional approaches focus on simple indices such as average dwell time and conversion rate. These indices make similar 
evaluations to websites even if their features are significantly different. Moreover, such statistical indices are not sensitive 
to the dynamics of users’ interests. In this paper, we propose a new framework for measuring a website’s attractiveness that 
takes into account both the distribution and dynamics of users’ interests. Within the framework, we define a new index for 
the website, called Attractiveness Factor, which evaluates the degree of users’ attention. It consists of three procedures: First, 
we capture the transition of users’ interests during browsing by solving a nonnegative matrix factorization and constrained 
network flow problems. To accommodate multiple types of interests of a user, we applied a soft clustering as opposed to a 
hard clustering to model attributes of users and websites. Second, for each website, the feature of each cluster is obtained 
by fitting the dwell time distribution with Weibull distribution. Finally, we calculate Attractiveness Factor of a website by 
applying the results of clustering and fitting. Attractiveness Factor depends on the distribution of the dwell time of users 
interested in the website, which reflects the change of interest of users. Numerical experiments with real web access data of 
Yahoo Japan News are conducted by solving extremely large-scale optimization problems. They show that Attractiveness 
Factor captures more exceptional information about browsing behavior more effectively than well-used indices. Attractive 
factors give low ratings to category pages; however, it can assign high ratings to websites that attract many people, such as 
hot topic news about the 2018 FIFA World Cup, Japan’s new imperial era’ REIWA,’ and North Korea—the United States 
Hanoi Summit. Moreover, we demonstrate that Attractiveness Factor can detect the tendency of users’ attention to each 
website at a given time interval of the day.
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1 Introduction

Browsing behavior has been actively researched in the field 
of web analysis. One of the challenging problems is defining 
a critical metric that accurately measures the website’s per-
formance. Some services analyze browsing behavior using 
various indices such as average dwell time on a website, the 
number of visitors, and exit rate, which are easily calculated 
using the access log. In this paper, we introduce a new index, 
called “Attractiveness Factor,” which enables us to evalu-
ate websites via obtaining the transition of users’ interests. 
Users have various interests that dynamically change over 
time; thus, we focus on two essential features to capture 
them; dynamics and distribution.

Dynamics represents users’ changing interests for web-
pages depending on situations and  purposes. Most exist-
ing works have utilized static information such as visited 
webpages and dwell time on the webpage to obtain users’ 
individual information which does not change among web-
pages. It can be acquired by applying machine learning 
techniques such as k-means [11, 25] or c-means [7, 21] or 
other clustering methods. However, assuming daily use, 
our interest in each webpage is always changing. There-
fore, it is reasonable that users’ access pattern reflects such 
dynamics of users’ interests. We can obtain these kinds of 
dynamics by utilizing access sequences, which are the suc-
cessive access logs. Based on access sequences, we apply 
the constrained network flow problem to obtain dynamic 
information. It enables us to interpret users’ occasional 
access motivations from access sequences.

On the other hand, distribution plays a vital role to 
understand the whole tendency of behavior on each web-
page. Most conventional approaches [1] for web usage 
mining focus on simple indices such as average dwell 
time and conversion rate. They ignore the dwell time dis-
tribution of websites; hence, these indices make similar 
evaluations for different websites. The dwell time indicates 
how long a user spends on a website, and its distribu-
tion enables us to gather more information than simple 
indices. To take advantage of the dwell time distribution, 
we apply Weibull distribution, which is widely utilized 
for analyzing the system failure in reliability engineering. 
Previously, Liu et al. [18] made an analogy between the 
failure rate of products and users’ dwell time on a website. 
The shape parameter of Weibull distribution, which fits 
dwell time distribution, yields the degree of users’ inter-
ests. The study mentioned above attempted to fit dwell 
time distribution using only single Weibull distribution. 
We expand on this study and apply the mixture Weibull 
distribution because users generally behave differently 
depending on their interests and the purpose of browsing. 
To obtain the mixture Weibull distribution, we identify 

users’ membership to each cluster, which is detailed in 
Sect. 5.

Based on the approach mentioned above, we propose a 
new framework that measures a website’s attractiveness that 
considers both the distribution and dynamics of the users’ 
interests. Our framework consists of three procedures. First, 
we capture the transition of users’ interests during brows-
ing by solving a nonnegative matrix factorization and con-
strained network flow problems. To account for the various 
interests of a user, we adopt soft clustering as opposed to 
hard clustering to model the attributes of users and web-
sites. Second, for each website, the feature of each cluster is 
obtained by fitting the dwell time distribution with Weibull 
distribution, which is well known as a useful tool for analyz-
ing the system failure in reliability engineering. Finally, we 
calculated the Attractiveness Factor of a website by applying 
the results of clustering and fitting with Weibull distribution. 
Attractiveness Factor depends on the distribution of dwell 
time of users interested in the website, which reflects the 
changing interest of users. The motivation for proposing this 
index is entirely different from those of existing indices in 
previous works [15, 19, 24, 26].

Numerical experiments are conducted by solving 
extremely large-scale optimization problems. We developed 
three datasets from the real access data of Yahoo Japan News 
for the morning, for the daytime, and night. Each of these 
datasets contains access data for an hour during the peri-
ods mentioned above of the day. Numerical experiments 
show that the Attractiveness Factor successfully reflects 
the change of users’ interests, which is hardly achieved in 
well-used indices. In summary, our main contributions are 
as follows:

• We propose a new soft clustering method to obtain 
users’ dynamics for each website by utilizing nonnega-
tive matrix factorization and constrained network flow 
problems.

• We propose a new performance index, called Attractive-
ness Factor, for evaluating a website by fitting users’ 
dwell time distribution with a mixture Weibull distri-
bution. We can understand how the website retains the 
users’ attention.

• We conduct numerical experiments to demonstrate the 
potential of Attractiveness Factor and the advantages of 
our clustering method by applying extremely large-scale 
real access data of Yahoo Japan News.

Our proposed framework is summarized in Fig. 1. The 
remainder of this manuscript is organized as follows. We 
briefly discuss the related works in these field in Sect. 2 and 
explain the background of this research in Sect. 3. In Sect. 4, 
the proposed index “Attractiveness Factor” is defined, and 
in Sect. 5, the novel method of clustering users’ browsing 
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behavior is introduced. We describe the appropriate method 
in Sect. 6, and we summarize the results of the numerical 
experiments in Sect. 7.

2  Related Works

2.1  Web Structure Mining

Web structure mining analyzes properties of a graph made 
from the websites and their hyperlinks. These researches are 
mainly inspired by the study of social networks and citation 
analysis [2].

HITS [14] is one of the most well-known mathematical 
theory-based indices using the web structure. This algorithm 
is based on a hypothesis that most websites belong to either 
hubs or authorities. Authorities have much information 
about a particular topic. On the contrary, hubs collect hyper-
links to authorities. As a result, there is a bipartite subgraph 
between authorities and hubs in the web graph. HITS identi-
fies authorities and hubs for a given topic by calculating the 
authority score and the hub score from the web graph.

Another example of a popular method for evaluation 
is PageRank [24], which employs a discrete-time Markov 
process as the model. Liu et al. [19] attacked the weakness 
of PageRank and introduced the Browse rank, which can 
be calculated from a directed graph representing transi-
tions between websites in the users’ web browsing history. 
Lagun and Lalmas [15] focused on more details of a website 
and defined Viewport time, which attempted to determine 
which part of the website a user stays on to predict user 
engagement. Bounce rate [26], which is the rate of users 
who quit browsing without transitioning, can be calculated 
using Google Analytics. Such analytics tools enable us to 
obtain well-used indices such as the average dwell time on 
webpage, exit rate, and  number of visitors. Budylin et al. 
[6] focused on the problem of sensitivity improvement of 
well-used indices. They proposed a new transformation of a 
ratio criterion to the average value that created an opportu-
nity to directly use a wide range of sensitivity improvement 
techniques designed for the user level that make A/B tests 
more efficient. We summarize the difference from indices 
mentioned above to the proposed index in Table 1: It indi-
cates that the focus of existing works is entirely different 
from that of our work.

2.2  Web Usage Mining

There is another stream for evaluating websites; web usage 
mining focuses on users’ behavior to detect usage patterns 
of websites. There are various data for users’ behavior, such 
as access sequence, dwell time, and click behavior.

Many researchers have interests in users’ dwell time on 
each website. Liu et al. [18] found the analogy between 
dwell on website and object defects for the first time. They 
regarded the abandoning a browsed page as a failure of the 
system and fit the dwell time distribution with Weibull dis-
tribution. Kim et al. [13] attempted to demonstrate the dwell 
time by fitting Gamma distribution and showed the relation-
ship between users’ satisfaction and their dwell times. In 
contrast, some researches did not consider certain distribu-
tions. These approaches are referred to as nonparametric 
models. Vasiloudis et al. [27] predicted users’ dwell time 
on the website by the gradient-boosted tree, and Barbieri 
et al. [3] introduced the knowledge of survival analysis and 
addressed the relationship between the feature of ads and 
dwell time. Wang et al. [28] attempted to predict users’ 
dwell time at specific points using factorization machines. 
Nikolaev et al. [23] proposed decomposing the dwell time 
distribution into two distributions without considering spe-
cific distributions, which enables reactions of high sensitiv-
ity to A/B tests .

Other many studies also have attempted to tackle user 
clustering for understanding user’s behavior and rec-
ommending other websites. The most basic method of 

Fig. 1  The overview of our proposed framework
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clustering is k-means clustering [11, 25]; however, this 
method is not appropriate for our task because each user 
belongs to only one cluster. Many other clustering methods 
that allow users to belong to multiple clusters have been 
proposed. Most of them have attempted to apply c-means 
clustering [7, 21], Gaussian mixture model. Some other 
researches attempted to apply the CARD algorithm [22]. 
Gopalakrishnan and Sengottvelan [10] attempted to perform 
clustering using a naive Bayesian classifier. Khusumane-
gara et al. [12] applied hierarchical agglomerative cluster-
ing. Bhavithra and  Saradha [4] proposed a new clustering 
method based on the k-NN approach as preprocessing for a 
recommendation. Recently, some research approached this 
problem using neural networks to predict each user’s move-
ment, such as [29]. Lu et al. [20] first focused on changing 
the user’s interest between before visiting the website and 
after it. However, in the study mentioned above, satisfaction 
is gathered through a questionnaire, which involves consid-
erable cost.

3  Background

3.1  Weibull Distribution

Weibull distribution has been used for analyzing the object 
defect, and a previous work [18] drew an analogy between 
abandoning a website and system failure in reliability analy-
sis. The probability density function of Weibull distribution 
is as follows:

where the parameters m and � are called the shape parameter 
and the scale parameter, respectively. Figure 2 shows how 
the shape parameter m affects the distribution.

f (t) =

{
m

𝜂

(
t

𝜂

)m−1

exp
{(

−
t

𝜂

)m}
(t > 0)

0 (otherwise)

In terms of object defect, the distribution represents lim-
ited early failure if the shape parameter m is greater than 1. 
Similarly, if users’ dwell time distribution on a website fol-
lows a single Weibull distribution whose m is greater than 1, 
then few people move away soon after opening the website; 
therefore, the website can be considered attractive.

3.2  Pre‑experiment of Utilizing Mixture Weibull 
Distribution

Previously, [18] attempted to fit only single Weibull distribu-
tion and most websites (98.5%) have m less than 1, which 
means that many people moved away from these websites 
soon after opening them. As mentioned in Sect. 3.1, the 
parameter m reflects the degree of users’ interests, which 
is represented as their access patterns. There are differ-
ent access patterns in a website corresponding to factors 
such as interests and purpose. Therefore, a mixture Weibull 

Table 1  Comparison of indices

1The word “Dynamics” means the transitions of users’ interests
2The PageRank and HITS only considers hyperlinks

Index Access log Dwell time Distribution Dynamics1

PageRank2 [24] – − − −
HITS [14] − − − −
Number of visitors ✓ − − −
Bounce rate [26] ✓ − − −
Exit rate ✓ − − −
BrowseRank [19] ✓ ✓ − −
Average dwell time ✓ ✓ − −
Viewport time [15] ✓ ✓ − −
Attractiveness factor (Sect. 4) ✓ ✓ ✓ ✓

Fig. 2  Weibull distributions with varying shape parameter m and 
relationship between m and the feature of distribution
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distribution could be suitable for analyzing users’ dwell time 
distribution. To verify our hypothesis, we fitted single and 
double Weibull distribution with real access data of Yahoo 
Japan Bookstore on August 30, 2017.We compared the 
performance of fitting by calculating the Kullback–Leibler 
divergence, which measures how one probability distribution 
diverges from the other. In general, assuming p(x) and q(x) 
are continuous probability distributions, Kullback–Leibler 
divergence from p(x) to q(x) is defined as follows,

We input users’ dwell time distribution as p(x) and the fit-
ted Weibull distributions as q(x). The results of the experi-
ment are shown in Fig. 3. The results show that the dou-
ble Weibull distribution performs much better than single 
Weibull distribution. The double Weibull distribution com-
prises two Weibull distributions. The shape parameter of one 
Weibull distribution is greater than 1, and that of the other 
is less than 1. This implies that some clusters correspond-
ing to the degrees of users’ interests and that our hypothesis 
may be correct.

Based on the mentioned small experiment, we fit one to 
five mixture Weibull distribution to users’ dwell time distri-
bution with large datasets. We picked up two days and uti-
lized three datasets per day, which contains a 1-h real access 
log of Yahoo Japan News. In total, we utilized six datasets. 
We fit one to five mixture Weibull distribution with many 
websites and calculated Akaike information criteria (AIC). 
The average of AIC is summarized in Table 2.

Based on these experiments, our framework employs a 
mixture Weibull distribution to analyze users’ dwell time 
distribution.

3.3  Motivation of Founding New Performance 
Index

To obtain the mixture Weibull distribution, we must identify 
the degree of users’ interests. We must pay attention to the 

KL(p(x)‖q(x)) = ∫
∞

−∞

p(x) log
p(x)

q(x)
dx.

fact that each person behaves differently on each website 
because the degree of each user’s interest is different on 
each website. Therefore, it is unfavorable to fix the users’ 
membership of each website. Most researches have not 
considered the dynamics of users’ interests. As mentioned 
in Sect. 1, considering the dynamics of users’ interests is 
essential to develop a key metric.

Therefore, we propose a new soft clustering method that 
considers the change in the user’s interest in each website. 
After applying the proposed soft clustering method, we fit 
users’ dwell time distribution of each cluster with a single 
Weibull distribution. Finally, we can accurately evaluate the 
website’s attractiveness using the proposed index, “Attrac-
tiveness Factor.” This index is defined using the shape 
parameter of Weibull distribution and the percentage of 
users for each cluster, which is defined in Sect. 4.

4  Definition of Attractiveness Factor

In this section, we define the proposed index “Attractiveness 
Factor” (AF) which focuses on users’ dwell time distribu-
tion. If one website has much attraction, we assume the two 
following reasonable conditions:

(1) The proportion of people who are interested in the web-
site is plentiful.

(2) Many people tend to stay on the website for an extended 
amount of time.

We rephrase these conditions in terms of the Weibull distri-
bution. When Weibull distribution is applied to the manu-
facturing industry, if the shape parameter m of the fitted 

Fig. 3  Fitting with single and 
double Weibull distribution

Table 2  The comparison among number of Weibull distribution with 
calculating AIC

1 2 3 4 5

137.85 150.89 131.87 183.94 168.98
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Weibull distribution is greater than 1, then the failure is 
small in the early stage, and the breakdown increases after 
an extended amount of time, then it is regarded as a product 
with constant durability. After fitting Weibull distribution 
with users’ dwell time distribution, if the website has attrac-
tiveness, the parameters of Weibull distribution satisfy the 
following conditions: 

(1)
�  Many people belong to a cluster whose shape param-

eter of Weibull distribution is greater than 1.
(2)

�  The shape parameter is sufficiently larger than 1.

 Under these assumptions, we define AF of the website s 
denoted by AF(s) as follows:

K : Number of clusters, Ns : Number of users visiting a web-
site s, Ns

k
 : Summation of the rate of members belonging to 

the cluster k over users visiting the website s, ms
k
 : Shape 

parameter of Weibull distribution generated from the cluster 
k of the website s.

We sum over k only with ms
k
> 1 because ms

k
≤ 1 indicates 

that the users have less interest in that website, according to 
the characteristics of Weibull distribution (summarized in 
Fig. 2). In addition, the parameter � of Weibull distribution is 
not considered by AF, which is related to the average dwell 
time. This is because the meaning of “long stay” is different 
between websites corresponding to the volume and topic of 
the website.

5  Browsing Behavior Clustering

In this section, we propose our soft clustering algorithm, 
which considers users’ changeable interests during browsing. 
Hard clustering is not appropriate because users may have 
several interests when visiting the website. Moreover, many 
researchers tackled problems under the constraint that the 
memberships of clusters are fixed at any given time. How-
ever, considering daily use, users’ interests can transition 
depending on factors such as interest and time. Therefore, 

AF(s) ∶=

K∑

k=1
ms

k
>1

Ns
k

Ns
ms

k

we propose a soft clustering method that can transition the 
membership of clusters for each website as a network flow. 
First, we explain the data format and the preprocessing algo-
rithm in Sect. 5.1. In Sect. 5.2, we obtain the overall users’ 
interests and the features of each website by performing 
nonnegative matrix factorization (NMF). Next, in Sect. 5.3, 
we describe the decomposition of the number of transitions 
into cluster transitions. Finally, the transition of each user’s 
interest during browsing is acquired as a network flow in 
Sect. 5.4. In Sects. 5.3 and 5.4, we solve constrained network 
flow problems formulated as linear optimization problems.

5.1  Definition and Preprocess

We define sequence as the list of websites where one user 
browsed without leaving from the Internet; in other words, it 
is the successive access logs. Access data records that when 
and where the user visited and left. The data format is shown 
in Table 3. Each element of it shows the three websites (Last, 
Origin, and Destination ) which the user visited.

We introduce how to retrieve sequence from the access 
log. We extract the access log for each user to retrieve the 
access sequence as a preprocess. We can not get an access 
sequence by simply connecting access logs in chronological 
order on following such situations (Fig. 4)

• A user returns to a website that has already been opened.
• A user browses with opening multiple tabs.

Figure 4 illustrates the example of converting the access log 
shown in Table 3 to the access sequence; the number means 
the order of browsing with opening two tabs. We construct 
an access sequence by following steps,

• We construct a multi-directed graph with connecting two 
webpages if there are two webpages that Origin of the 
former log and Last of the latter log are identical in the 
access log.

• We repeat to obtain a path called access sequence from 
the root node to a leaf node and to remove edges used in 
the access sequence.

• We calculate a dwell time per each node on every access 
sequence.

Table 3  An example of access 
logs and dwell times

Access log Dwell time

User ID Time (visit) Time (leave) Last Origin Destination

User1 t
0

t
1

Website A Website B Website C t
1
− t

0

User1 t
1

t
2

Website B Website C Website D t
2
− t

1

User1 t
3

t
4

Website B Website E Website F t
4
− t

3

User1 t
4

t
5

Website E Website F Website G t
5
− t

4
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After applying for the mentioned preprocess in Fig. 4, we 
obtain two access sequences [A, B, C, D] and [B, E, F, G].

5.2  Picking Average Feature of Users and Websites

In the first step of our clustering method, overall users’ 
interests and websites’ features are selected by using non-
negative matrix factorization (NMF). NMF has been used in 
image processing [8], co-clustering [17], and sound analy-
sis. NMF [16] aims to decompose a large-scale matrix into 
low-rank latent factor matrices with nonnegative constraints. 
The input data are each users’ dwell time on each website, 
and the output data are each user’s feature vector and each 
website’s feature vector. Let U and S be the set of users and 
set of websites, respectively, and the number of users and 
the number of websites are denoted by N ∶= |U|,P ∶= |S| . 
Further, let T ∈ ℝ

N×P be the input matrix for NMF, and each 
element Tus is the dwell time on a website s by user u.

NMF is a type of optimization problem and can be for-
mulated as follows:

There are some definitions of distances to run NMF, such 
as Euclidian distance and Itakura–Saito divergence. In this 
paper, we apply Euclidian distances.

Using NMF, we decompose matrix T ( N × P matrix) into 
two matrices, W ( N × K matrix) and H ( K × P matrix). Row 
u of W and column s of H represent the K features of user u 
and website s, respectively (see Fig. 5). In other words, the 
feature of each user and each website can be obtained as a 
K-dimensional vector. Based on the K-dimensional website’s 
feature vector, we make K clusters on a website. When a 
user visits the website, the user has a K-dimensional vec-
tor, which represents the membership for each cluster. Note 

minimize
W,H

‖T −WH‖2
F

subject to W,H ≥ 0, W ∈ ℝ
N×K , H ∈ ℝ

K×P.

that the feature vectors of each website and each user are 
standard features, and each user does not always have the 
same interests.

We must input K (the number of features) before perform-
ing NMF. We apply the results of previous studies [5], which 

Fig. 4  An example of converting the access log to the access sequence

Fig. 5  Application of nonnegative matrix factorization
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suggests choosing K so that the magnitude of the cophenetic 
correlation coefficient begins to decline.

5.3  Decomposing the Number of Transitions 
into Some Flows

In this section, we do not focus on each user, but rather 
the number of users that travel between clusters (shown in 
Fig. 6). To obtain the number of people traveling between 
clusters, we formulate and solve a linear optimization prob-
lem based on the output of NMF.

In the remainder of this paper, we use the following 
definitions:

Definitions

• U : Set of users
• Ns : Number of users visiting a website s
• S : Set of websites
• Su : Set of websites which user u visited
• S0 : S ∪ {super source} , S1 : S ∪ {super sink}

• ts0,s1 : Number of users traveling from website s0 to s1
• ts1 : Number of users visiting s1
• wu : Feature vector of user u (output of NMF)
• w̄u : Normalized vector of wu

• hs : Feature vector of website s (the output of NMF)
• h̄s : Normalized vector of hs

Moreover, let Pk0,k1
s0,s1

 be the number of people who move from 
cluster k0 in website a s0 to the cluster k1 in website s1 . This is 
the objective variable of this part of the optimization prob-
lem, and note that this variable can yield a real continuous 
value. We regard people’s transition between websites as a 
network flow. The super source and the super sink are set, 
and every user comes from the super source and goes to the 
super sink. We describe certain constraints as follows:

(a) Each website has a feature vector after solving NMF. 
We attempt to bridge the gap between the proportion of clus-
ters and to the feature vector, which is denoted by �1

We show two examples, both of which satisfy constraint (1) 
in Fig. 7.

(b) When the user travels between two similar websites, 
the user tends to belong to same cluster in the two web-
sites. In Fig. 7, some fewer users changed their cluster mem-
bership, in example 2 than in example 1; hence, the case 
in example 2 is more practical. The more significant two 
websites have the similarity, the more we make many users 
belong to the same cluster between two websites. The gap 
between the similarity and the rate of users belonging to the 
same cluster should be small, which is denoted by �2

We apply “cosine similarity” for measuring the similarity 
between website s0 and website s1 by applying the feature 
vector h of the website as the output of NMF.

(c) If each website has K clusters, there are K2 ways from 
one website to another website. The number of users who 
transition between them is equal to the sum of the number 
of users who pass each way (shown in Fig. 6).

(d) For each cluster of each website, the number of people 
who came and left is the same (flow conservation).

(1)
||||||

1

ts1

∑

s0∈S0

K∑

k0=1

P
k0,k1
s0,s1

− (h̄s1)k1

||||||
≤ 𝜀1 (∀s1, k1).

(2)
||||||

1

ts0,s1

K∑

k0=1

P
k0,k0
s0,s1

− �s0,s1

||||||
≤ �2 (∀s0, s1)

(cosine similarity)�s0,s1 =
h
s0
⋅ h

s1

‖h
s0
‖‖h

s1
‖

(3)
K∑

k0,k1=1

P
k0,k1
s0,s1

= ts0,s1 (∀s0, s1)

Fig. 6  Decomposing the transition between websites

Fig. 7  Two examples that satisfy constraint (1)
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Constraints (1) and (2) are difficult to implement; hence, this 
optimization problem aims to make these gaps as small as 
possible. In other words, the minimization of the summation 
of these parameters is the objective function.

As a result of solving this problem, we obtain Pk0,k1
s0,s1

 as the 
number of users who transition from one cluster in one web-
site to a cluster on another website.

5.4  Obtaining the Changeable Membership 
as Network Flow

In Sect. 5.2, we acquired the feature vector of each user by 
performing NMF (see in Fig. 5), and we obtained the num-
ber of user transitions between clusters in Sect. 5.3. Based 
on this information, we determined how users navigating 
between websites change their interests by solving the con-
strained network flow problem.

5.4.1  Obtaining Reasonable Transition of Users’ Interests

First, we obtain a reasonable persons’ interest transition. Let 
(X

s0,s1
u )k0,k1 be the rate of transitioning from website s0 , belong-

ing to cluster k0 , to website s1 , belonging to cluster k1 , of the 
user u. We can obtain each user’s membership of each website 
by utilizing the matrix X, which is calculated as follows.

(4)
∑

s0∈S0

K∑

k0=1

P
k0,k1
s0,s1

=
∑

s2∈S1

K∑

k2=1

Pk1,k2
s1,s2

(∀s1, k1)

Minimize
�1,�2

�1 + �2

subject to (a), (b), (c) and (d)

P
k0,k1
s0,s1

≥ 0 (∀k0, k1, s0, s1), �1, �2 ≥ 0.

We call this vector the dwell vector. Figure 8 shows the 
example in a case where K = 3 , in which the user browses 
websites while changing interests, and each color represents 
each cluster.

(A) When a user moves from website s0 to website s1 , the 
following constraint is satisfied:

(B) Considering a certain transition of all users’ of a certain 
cluster 

∑
u∈U (X

s0,s1
u )k0,k1 means that the number of users who 

travel from website s0 (belonging to cluster k0 ) to website s1 
(belonging to cluster k1 ) has to be close to the value of Ps0,s1

k0,k1
 

obtained in Sect. 5.3. We reduce this gap, and it is denoted 
by �1

xs1
uk1

∶=

K∑

k0=1

(X
s0,s1
u )k0,k1 .

(5)‖Xs0,s1
u ‖1 =

K�

k0,k1=1

(X
s0,s1
u )k0,k1 = 1 (∀u, s0, s1)

(6)
|||||
P
s0,s1
k0,k1

−
∑

u∈U

(X
s0,s1
u )k0,k1

|||||
≤ �1 (∀k0, k1, s0, s1)

Fig. 8  Illustration of outcome 
of optimization problem in 
Sect. 5.4 (Each color represents 
a cluster)

Fig. 9  Illustration of constraint (7)
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(C) Similar to websites, each user has a feature vector that 
represents the average of the users’ interest in Fig. 9. The 
average of the memberships tends to be close to the feature 
vector; therefore, we reduce this gap (C), which is denoted 
by �2 (shown in Fig. 9)

(D) Each flow must satisfy flow conservation and can be 
written down using the following equation:

We apply the parameters �1 and �2 to relax constraints (6) and 
(7) because they are challenging to be completely satisfied. 
Therefore, we first obtain a reasonable flow for each user by 
minimizing the summation of gaps.

5.4.2  Obtaining the Flow with Satisfying Users’ Interests

Next, we solve a similar optimization problem to obtain 
each user’s membership for each website, which maximizes 
user satisfaction. �1 and �2 , which are the outputs of the last 
optimization problem, are regarded as constant values in 
this part. If a user stays on a website, then a dwell vector 
exists. How the website satisfies the user’s interest can be 
calculated using the inner product of the dwell vector and 
the user’s feature vector w̄u as follows:

Given that it is reasonable to assume that users browse the 
Internet to satisfy their interests as much as possible, we set 
the total sum of satisfaction for all users on all websites and 
maximize it. Note that in this problem, we considered �1 and 
�2 as constant values.

(7)
||||||

1

|Su|
∑

s0,s1∈S
u

K∑

k0=1

(X
s0,s1
u )k0,k1 − (w̄u)k1

||||||
≤ 𝛿2 (∀u, k1)

(8)
K∑

k0=1

(X
s0,s1
u )k0,k1 =

K∑

k0=1

(Xs1,s2
u

)k1,k0 (∀k1, s0, s1, s2).

Minimize
�1,�2

�1 + �2

subject to (A), (B), (C) and (D)
(
X
s0,s1
u

)
k0,k1

≥ 0 (∀u, s0, s1, k0, k1)

SF(u, s0, s1) ∶=

K∑

k1=1

(
K∑

k0=1

(X
s0,s1
u )k0,k1

)
(w̄u)k1

=

K∑

k1=1

xs1
uk1
(w̄u)k1

= x
s1
u
⋅ w̄u.

By solving this problem, we finally obtain the users’ 
membership for each website as a network flow. Each 
user’s network flow represents how the interest of the user’s 
changed during browsing.

6  Obtaining the Features of a Cluster 
by Fitting with Weibull Distribution

By applying the proposed clustering algorithm, we 
obtained the memberships, which represents a user’s 
interests, all of which are continuous values. Based on 
the membership value, we fit the distribution of user’s 
dwell time on the webpages to the Weibull distribution 
and obtained the feature of each cluster from the shape 
parameter m of each distribution.

We first decomposed a user’s dwell time on each web-
page corresponding to the membership (shown in Fig. 10). 
For example, if a user stays for t seconds on a webpage, 
and the user’s membership value is 0.5 for cluster 1, 0.2 for 
cluster 2, and 0.3 for cluster 3, the histogram for cluster 1 
is added by 0.5 people dwelling t seconds. This is also per-
formed for cluster 2 and cluster 3. In this way, we prepare 
K histograms for fitting with the Weibull distribution, as 
illustrated in Fig. 11. We fit a single Weibull distribution 
per webpage s per cluster k using the EM algorithm, and 
the probability density function is denoted by f s

k
 . Recall 

Ns is the number of users visiting a webpage s and Ns
k
 is 

the summation of the rate of memberships belonging to the 
cluster k over users visiting the webpage s, as mentioned in 
Sect. 4. We obtained the mixture Weibull density function 
of the webpage s Fs(x) by using the following equation:

Maximize
X

∑

u∈U

∑

s0,s1∈Su

SF(u, s0, s1)

subject to (A), (B), (C) and (D)
(
X
s0,s1
u

)
k0,k1

≥ 0 (∀u, s0, s1, k0, k1).

Fig. 10  Developing histograms for each person
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By applying Fs(x) , we can check how our proposed clus-
tering method is better by calculating the Kullback–Leibler 
divergence (shown in Sect. 3) from other clustering meth-
ods. Finally, we calculate the proposed index “Attractive-
ness Factor” (defined in Sect. 4) and evaluate each website’s 
attractiveness. Numerical Experiments are shown in the next 
section.

7  Experiment

In this section, we describe the numerical experiments that 
were conducted by solving extremely large-scale optimiza-
tion problems generated by the real access data of Yahoo 
Japan News. We conducted two experiments to demonstrate 
the advantage of our clustering algorithm and to evaluate the 
potential of AF by comparing it with other indices.

7.1  Experiment Environment

• Dataset: We utilized the real access data of the Yahoo 
Japan News from Yahoo Japan Corporation. We selected 
three 1-h access datasets, 8:00–9:00 a.m., 2:00–3:00 
p.m., and 8:00–9:00 p.m. on July 1, 2018, each of which 
contains about two million access data, because we want 
to check how time influences indices. In addition, we 
picked up three 1-h access dataset, 8:00–9:00 a.m. and 
8:00–9:00 p.m. on April 1, 2019, and 8:00–9:00 a.m. and 
2:00–3:00 p.m. on February 28, 2019, to check the ability 
of Attractiveness Factor.

Fs(x) ∶=

K∑

k=1

f s
k
(x)

Ns
k

Ns
.

• Software: We conducted numerical experiments with 
Python 3.6.3 and utilized Nimfa and Gurobi optimizer 
8.0.1 for applying nonnegative matrix factorization and 
solving the linear optimization problem, respectively.

• Platforms: The specifications of our experimental plat-
forms are provided in Table 4.

7.2  Validation of Clustering

We first describe the advantage of our clustering algorithm. 
We performed clustering using many clustering methods and 
generated mixture Weibull distributions, as mentioned in 
Sects. 5 and 6. We calculate the Kullback–Leibler diver-
gence between each mixture Weibull distribution based 
on the clustering and EM algorithm. By calculating the 
weighted relative error of them with considering the number 
of website visitors, we compare the clustering algorithms.

7.2.1  Evaluation Metric

The error metric is defined as follows:

• ps : Probability density function of users’ dwell time on 
website s

• qCl
s  : Probability density function of mixture Weibull dis-

tribution with clustering method
• qMLE

s  : Probability density function of mixture Weibull 
distribution with maximum likelihood method with uti-
lizing EM algorithm (100 iterations) [9]

• Ns : Number of users visiting website s
• � : Parameter of lower bound

We describe the advantage of our approach by comparing 
our clustering algorithm with other clustering methods. 
For each clustering method, its mixture Weibull distribu-
tion is calculated by employing our method mentioned in 
Sects. 5 and 6. We then calculate the Kullback–Leibler 

Loss =
∑

s∈S

KL(ps||qCls ) − KL(ps||qMLE
s

)

KL(ps||qMLE
s

)
��(Ns)

��(x) =

{
log(x) (x ≥ �)

0 (otherwise)

Fig. 11  Developing histograms and fitting the users’ dwell time dis-
tribution to Weibull distribution for each cluster

Table 4  Specifications of our experimental platforms

Platform CPU info. Memory Purpose

1 Intel Xeon E5-2620v4 x 2 256GB NMF (Sect. 5.2)
2 Intel Xeon E7-4890v2 x 4 2TB LP (Sects. 5.3, 5.4)
3 Intel Xeon Gold 6148 x 2 512GB Fitting (Sect. 6)
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divergence (KL divergence) from the dwell time distri-
bution to each mixture Weibull distribution. In addition, 
we obtain a mixture Weibull distribution calculated with 
the maximum likelihood method. We then calculate KL 
divergence from the dwell time distribution to the mixture 
Weibull distribution, and we regard the divergence as the 
baseline. Since the KL divergence measures the difference 
between two probability distributions, we combine the two 
KL divergences and precisely evaluate each clustering 
approach based on the loss. In the experiment, we apply 
the EM algorithm as the maximum likelihood method, 
which is one of the approximation methods. We ran the 
EM algorithm with at most 100 iterations because of the 
computation time constraints. We also set the parameter � 
to avoid poor Weibull distribution fitting when the number 
of visitors is tiny.

7.2.2  Compared Methods

We compared our clustering method with other clustering 
methods. We performed clustering using various cluster-
ing methods and obtained a mixture Weibull distribution 
by mixing the single Weibull distributions for each cluster. 
The compared methods include:

• Fuzzy c-means [7] : Group behavior matrix into overlap-
ping clusters using the fuzzy c-means algorithm, which 
is a typical fuzzy clustering method.

• NMF : Feature vector per person ( ̄wu ), which is the out-
put of the NMF, is just applied to the dwell vector.

7.2.3  Results

The results of calculating the Loss with respect to � = 1000 
are shown in Table 5.

Table 5 shows that our algorithm performed better than 
the other algorithms in all the datasets. Compared to other 
clustering methods, our clustering method enabled us to 
obtain the mixture Weibull distribution which was the clos-
est to the mixture Weibull distribution acquired by EM algo-
rithm. Figure 12 shows some of the histograms of the users’ 
dwell time distribution and the mixture Weibull distribution 
generated by each clustering method. The mixture Weibull 
distribution based on our clustering method is capable of 
expressing the complexity of dwell time distribution. We 
performed other clustering methods such as the CARD 
algorithm, but it remains incomplete as the memory gets 
exhausted. Therefore, such an algorithm is not appropriate 
for extremely large-scale datasets.

7.3  Evaluation of Attractiveness Factor

Here, we focus on the ability of AF by comparing it with 
other indices. We performed experiments using the three 
datasets mentioned above. The baselines include:

• Number of access (Num)
• Average dwell time on the website (Ave)
• Exit rate (Ex) (The rate of users who quit browsing from 

the website)

Table 5  Comparing loss

Bold indicate the results of proposed method

Clustering algorithm Loss
(8–9 a.m.)

Loss
(2–3 p.m.)

Loss
(8–9 p.m.)

Proposed algorithm 252.10 320.61 493.46
Fuzzy c-means 493.77 823.50 942.39
NMF 373.05 423.54 635.96

Fig. 12  Histogram of the users’ dwell time distribution and mixture Weibull distributions generated by clustering methods
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In addition, we show the scatter diagrams in Figs. 13, 14, 
and 15, which show the relationship between AF and num-
ber of visitor, average dwell time, and exit rate, respectively. 
A website is plotted on three different scatter plots. The first 
rows in Figs. 13, 14, and 15 are the scatter diagrams between 
AF and the number of visitors, the average dwell time on 
the website, and exit rate from top to bottom. Figures 13, 
14, and 15 show the scatter diagrams made by the access 
log of July 1, 2018, April 1, 2019, and February 28, 2019, 

respectively. We show the correlation coefficient r in the 
title. These figures imply the following features of AF.

• Many users visited the category pages. We assume that 
the category pages were used as a via point and users left 
early from these webpages. Therefore, the category pages 
were assumed to be evaluated zero by AF, which matches 
our inspections.

Fig. 13  Comparison between Attractiveness Factor and other indices with access log of July 1, 2018

Fig. 14  Comparison between Attractiveness Factor and other indices with access log of April 1, 2019
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• AF rates high for the webpages which retain peoples’ 
interests regardless of the number of visitors in all data-
sets. Examples are shown below:

– ∗News about Soccer World Cup (Fig. 13)
– ∗∗News about Japan’s new imperial era “REIWA” 

(Fig. 14)

– ∗∗∗News about the meeting between North Korean 
Supreme Leader Kim Jong-un and US President 
Donald Trump (Fig. 15)

• There is no correlation between AF and three well-used 
indices, which is guaranteed by calculating the correla-

Fig. 15  Comparison between Attractiveness Factor and other indices with access log of February 28, 2019

Table 6  Comparison of AF with other indices (each row shows the result of one website) by using the dataset of July 1, 2018

Bold indicate the results of proposed method
1 In Tables 6, 7 and 8, blanks represent that these websites had not been uploaded

Topics M A N M A N M A N M A N
AF Num Ave[s] Ex[%]

M:8:00–9:00 a.m., A:2:00–3:00 p.m, N:8:00–9:00 p.m.
 Category pages A 0 0 0 29,544 31,399 36,281 120.95 101.19 78.39 4.68 5.00 4.68

B 0 0 0 23,033 12,201 12,679 166.42 70.86 80.80 8.34 17.92 19.91
C 0 0 0 15,151 17,641 18,998 102.19 97.35 73.17 6.98 7.31 7.86

 News (soccer) D* –1 –1 1.09 –1 –1 148,162 –1 –1 119.80 –1 –1 11.73
E 0 0.94 0.85 4101 4496 6103 99.64 115.88 119.50 32.31 4.16 11.94
F 0 0.49 1.35 1107 733 364 121.73 135.02 149.50 0.36 0.82 0.82

 News (economics) G 0.78 0.46 0.52 9523 7528 3837 89.43 73.47 72.41 18.35 25.52 28.12
H 0.96 0.31 0 454 982 267 77.28 72.17 116.97 2.20 20.57 5.99
I 0.85 0 1.04 1395 624 342 64.89 56.10 64.91 12.19 13.14 8.77

 News (gossip) J 1.15 0.23 1.65 2869 2680 1421 88.31 101.59 80.37 0.07 0.15 0.21
K 0.63 0.91 0.56 324 2348 274 166.25 90.34 104.98 0.31 39.14 0.36
L 0.96 0 0 2442 786 184 86.76 61.14 82.20 12.45 28.53 0.54
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tion coefficient. It implies that AF can observe from the 
point of view different from them.

These results ensure that AF is an appropriate and suitable 
index to evaluate the websites’ attractiveness.

We show the result of several websites in Tables 6, 7 and 
8. We picked up several websites per category, which are 
shown in one Table.

AF and well-used indices of one website are shown in 
one column in each table. If we only focus on the number 
of visitors, category pages are rated high. It implies the fol-
lowing features of AF.

• Row F in Table 6 was the news about the Soccer World 
Cup. Among the three datasets, the average dwell time 
and exit rate did not change dramatically. However, we 
can observe the difference of AF among the three data-
sets. The observation indicates that AF can extract the 
feature which cannot be distinguished with well-used 
indices. The soccer fans seemed to access the webpages 
about soccer before the game at midnight.

• Rows F, L in Table 7 and rows D, I, L in Table 8 are rated 
highly by AF. Most of the visitors seemed to be satisfied 
with the webpage.

• On all category pages of Tables 6, 7 and 8, there were 
many visitors with low exit rates, which means that the 

Table 7  Comparison of AF 
with other indices (each row 
shows the result of one website) 
by using the dataset of April 1, 
2019

Bold indicate the results of proposed method
1 In Table 6, 7 and 8, blanks represent that these websites had not been uploaded

Topics M N M N M N M N
AF Num Ave[s] Ex[%]

M:8:00–9:00 a.m., N:8:00–9:00 p.m.
 Category pages A 0 0 172,729 118,850 47.36 44.56 3.29 2.83

B 0 0 43,629 34,785 38.01 37.53 6.83 8.50
C 0 0 64,189 45,664 44.03 44.55 6.40 7.34

 News (Sports) D 0.57 0.70 56,678 4117 49.00 53.59 40.67 37.94
E 0.51 0.76 23,607 1785 63.92 59.56 19.12 17.26
F 0.84 0.87 7395 7533 27.23 33.13 63.23 62.71

 News (Economics) G 0.41 0.40 17,435 8991 36.66 45.11 60.98 52.78
H 0.41 0.52 4585 1620 62.47 60.94 7.50 10.70
I 0.46 0.40 6424 4689 105.71 79.72 12.73 12.90

 News (NEW ERA 
“REIWA”)

J 0.96 1.0 8304 5158 68.81 71.98 12.74 16.67
K 0.41 0.52 4584 1620 62.47 60.94 7.50 10.68
L∗∗ –1 0.99 –1 90,862 –1 36.09 –1 57.83

Table 8  Comparison of AF 
with other indices (Each row 
shows the result of one website) 
by using the dataset of February 
28, 2019

Bold indicate the results of proposed method
1 In Tables 6, 7 and 8, blanks represent that these websites had not been uploaded

Topics M A M A M A M A
AF Num Ave[s] Ex[%]

M:8:00–9:00 a.m., A:2:00–3:00 p.m
 Category pages A 0 0 236,869 215,040 36.11 39.31 1.99 2.46

B 0 0 49,448 46,273 58.69 63.62 4.93 5.50
C 0 0 50,610 38,718 42.30 42.94 5.20 6.25

 News (Sports) D 0.60 0.63 16,995 9924 25.18 32.84 58.99 45.73
E 0.46 0.36 6029 6383 123.63 85.51 15.48 28.89
F 0.42 0.41 30,658 18,484 81.22 76.28 6.10 5.84

 News (International) G 0.90 0.75 2592 1847 70.10 74.48 18.36 10.67
H 0.80 0.76 5326 5828 112.92 139.20 24.46 0.91
I∗∗∗ –1 0.64 –1 147,277 –1 25.28 –1 51.31

 News (Gossip) J 0.87 0.78 4846 3075 114.73 110.08 0.10 0.13
K 0.34 0 82,619 12,298 32.94 41.22 52.30 38.64
L 0.40 0.40 22,575 8274 27.09 22.78 50.00 48.92
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webpages were used as the via points. We consider that 
many users left the webpage early. It causes that the 
shape parameter m of fitted Weibull distribution is less 
than one so that AF evaluates zero for the via points. AF 
rates zeros in all category pages shown in Tables 6, 7 and 
8, which matches our inspections.

• The webpage I in Table 8 had more access than the cat-
egory pages, whereas the AF valued positively. AF can 
evaluate the attractive webpages regardless of the number 
of visitors.

• Rows F and J in Table 6 have a low exit rate and a long 
average dwell time. These results imply that users were 
likely to continue browsing after enjoying the webpages. 
These webpages seem to have high attractiveness, and 
they are rated by high by AF as expected.

• News about soccer (rows D–F in Table 6) is observed 
high AF with time. The Japanese national soccer team 
would play the first round of the World Cup tourna-
ment the next day, which may have caused this result. 
However, the average dwell time on the website did not 
change dramatically.

8  Conclusion

In this paper, we proposed a new framework for measur-
ing a web page’s attractiveness. Our proposed index named 
“Attractiveness factor” (AF) can measure the extent to which 
a webpage retains the users’ attention. To the best of our 
knowledge, this is the first index focusing on both users’ 
dwell time distribution and the dynamics of users’ interests. 
Our framework is applied using the following three steps: 
First, we captured the dynamics of users’ interests during 
browsing by solving NMF and constrained network flow 
problems. It is a soft clustering method that allows users 
to have some types of interests. This is also the first study 
that obtains the transition of users’ interests according to 
network flow. Second, the feature of each cluster of each 
webpage can be obtained by fitting the dwell time distribu-
tion with Weibull distribution, which is a well-known tool 
for understanding object defects. Finally, by applying the 
results of clustering and fitting, we can obtain AF for each 
webpage. The potential of AF is shown through large-scale 
numerical experiments with real access data of Yahoo Japan 
News. AF rates zero for category pages; however, a large 
value for webpages that retain users’ attention. Moreover, 
we can determine the differences of users’ interests for each 
webpage, depending on the time, by calculating Attractive-
ness Factor for access data in the morning, daytime, and at 
night. The application of AF yielded much better results 
than expected, and it is expected to be a promising index for 
evaluating websites.

AF can play an essential role in measuring the attractive-
ness of contents in many situations, such as advertisements, 
retail, and online education. In such situations, we regard 
the input as any transition history instead of the web access 
data. We intend to apply AF for such situations in the future.

In addition, we will establish the underlying technology 
of a system that maximizes user entertainment and learning. 
In this study, we analyzed only web access data; however, we 
can expand this to complex data analysis for geographical 
information, biometric information, accompanying the text. 
Furthermore, we aim to establish a new recommendation 
system that includes the following features: (1) Online rec-
ommendation methods considering the changing condition, 
including internal conditions (biological information and 
intention) and external conditions (social situation), as well 
as personal profiles (interests and concerns). (2) Recommen-
dation method for content that can draw out the potential 
interests of users, not simply content following the user’s 
current and past interests.

Acknowledgements This research project was supported by the Japan 
Science and Technology Agency (JST), the Core Research of Evo-
lutionary Science and Technology (CREST), the Center of Innova-
tion Science and Technology based Radical Innovation and Entre-
preneurship Program (COI Program), JSPS KAKENHI Grant No. JP 
16H01707.

Open Access This article is distributed under the terms of the Crea-
tive Commons Attribution 4.0 International License (http://creat iveco 
mmons .org/licen ses/by/4.0/), which permits unrestricted use, distribu-
tion, and reproduction in any medium, provided you give appropriate 
credit to the original author(s) and the source, provide a link to the 
Creative Commons license, and indicate if changes were made.

References

 1. Agichtein E, Brill E, Dumais S, Brill E, Dumais S (2006) Improv-
ing web search ranking by incorporating user behavior. In: Pro-
ceedings of SIGIR 2006. https ://www.micro soft.com/en-us/resea 
rch/publi catio n/impro ving-web-searc h-ranki ng-by-incor porat ing-
user-behav ior/. Accessed 9 April 2019

 2. Bar-Ilan J, Levene M (2015) The hw-rank: an h-index variant for 
ranking web pages. Scientometrics 102(3):2247–2253. https ://doi.
org/10.1007/s1119 2-014-1477-2

 3. Barbieri N, Silvestri F, Lalmas M (2016) Improving post-click 
user engagement on native ads via survival analysis. In: Proceed-
ings of the 25th international conference on World Wide Web, 
WWW ’16, pp 761–770. International World Wide Web Con-
ferences Steering Committee, Republic and Canton of Geneva, 
Switzerland. https ://doi.org/10.1145/28724 27.28830 92

 4. Bhavithra J, Saradha A (2018) Personalized web page recom-
mendation using case-based clustering and weighted associa-
tion rule mining. Clust Comput. https ://doi.org/10.1007/s1058 
6-018-2053-y

 5. Brunet JP, Tamayo P, Golub TR, Mesirov JP (2004) Metagenes 
and molecular pattern discovery using matrix factorization. Proc 
Natl Acad Sci 101(12):4164–4169

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.microsoft.com/en-us/research/publication/improving-web-search-ranking-by-incorporating-user-behavior/
https://www.microsoft.com/en-us/research/publication/improving-web-search-ranking-by-incorporating-user-behavior/
https://www.microsoft.com/en-us/research/publication/improving-web-search-ranking-by-incorporating-user-behavior/
https://doi.org/10.1007/s11192-014-1477-2
https://doi.org/10.1007/s11192-014-1477-2
https://doi.org/10.1145/2872427.2883092
https://doi.org/10.1007/s10586-018-2053-y
https://doi.org/10.1007/s10586-018-2053-y


64 A. Yoshida et al.

1 3

 6. Budylin R, Drutsa A, Katsevm I, Tsoy V (2018) Consistent trans-
formation of ratio metrics for efficient online controlled experi-
ments. In: The eleventh ACM international conference on web 
search and data mining, WSDM ’18. ACM, New York. https ://
doi.org/10.1145/31596 52.31596 99

 7. Castellano G, Mesto F, Minunno M, Torsello MA (2007) Web 
user profiling using fuzzy clustering. In: Proceedings of the 7th 
international workshop on fuzzy logic and applications: appli-
cations of fuzzy sets theory, WILF ’07. Springer, Berlin, , pp 
94–101. https ://doi.org/10.1007/978-3-540-73400 -0_12

 8. Duong VH, Lee YS, Ding JJ, Pham BT, Bui MQ, Wang JC et al 
(2018) Projective complex matrix factorization for facial expres-
sion recognition. EURASIP J Adv Signal Process 2018(1):10

 9. Elmahdy EE, Aboutahoun AW (2013) A new approach for param-
eter estimation of finite Weibull mixture distributions for reliabil-
ity modeling. Appl Math Model 37(4):1800–1810

 10. Gopalakrishnan T, Sengottvelan P (2014) Discovering user pro-
files for web personalization using em with Bayesian classifica-
tion. Aust J Basic Appl Sci 8(3):53–60

 11. Kathuria A, Jansen BJ, Hafernik C, Spink A (2010) Classifying 
the user intent of web queries using k-means clustering. Internet 
Res 20(5):563–581

 12. Khusumanegara P, Mafrur R, Choi D (2015) Profiler for smart-
phone users interests using modified hierarchical agglomerative 
clustering algorithm based on browsing history. In: Khalil I, Neu-
hold E, Tjoa AM, Xu LD, You I (eds) Information and communi-
cation technology. Springer, Cham, pp 89–96

 13. Kim Y, Hassan A, White R.W, Zitouni I (2014) Modeling dwell 
time to predict click-level satisfaction. In: Proceedings of the 
7th ACM international conference on web search and data min-
ing, WSDM ’14. ACM, New York, pp 193–202. https ://doi.
org/10.1145/25561 95.25562 20

 14. Kleinberg JM (1999) Authoritative sources in a hyperlinked envi-
ronment. J ACM 46(5):604–632. https ://doi.org/10.1145/32413 
3.32414 0

 15. Lagun D, Lalmas M (2016) Understanding user attention and 
engagement in online news reading. In: Proceedings of the ninth 
ACM international conference on web search and data min-
ing, WSDM ’16. ACM, New York, pp 113–122. https ://doi.
org/10.1145/28357 76.28358 33

 16. Lee DD, Seung HS (2000) Algorithms for non-negative matrix 
factorization. In: Proceedings of the 13th international conference 
on neural information processing systems, NIPS’00. MIT Press, 
Cambridge, pp 535–541. http://dl.acm.org/citat ion.cfm?id=30087 
51.30088 29

 17. Lim W, Du R, Park H (2018) Codinmf: co-clustering of directed 
graphs via NMF. In: Proceedings of the 32nd AAAI conference 
on artificial intelligence

 18. Liu C, White RW, Dumais S (2010) Understanding web browsing 
behaviors through Weibull analysis of dwell time. In: Proceed-
ings of the 33rd international ACM SIGIR conference on research 

and development in information retrieval, SIGIR ’10. ACM, New 
York, pp 379–386. https ://doi.org/10.1145/18354 49.18355 13

 19. Liu Y, Gao B, Liu TY, Zhang Y, Ma Z, He S, Li H (2008) 
Browserank: letting web users vote for page importance. In: Pro-
ceedings of the 31st annual international ACM SIGIR confer-
ence on research and development in information retrieval, SIGIR 
’08. ACM, New York, pp 451–458. https ://doi.org/10.1145/13903 
34.13904 12

 20. Lu H, Zhang M, Ma S (2018) Between clicks and satisfaction: 
study on multi-phase user preferences and satisfaction for online 
news reading. In: The 41st international ACM SIGIR conference 
on research and development in information retrieval, SIGIR ’18. 
ACM, New York, pp 435–444. https ://doi.org/10.1145/32099 
78.32100 07

 21. Bhuvaneswari MS, Muneeswaran K, Sakthi Priya KS (2018) 
Fuzzy clustering of augmented web user sessions. Int J Pure Appl 
Math 118(20):1153–1161

 22. Nasraoui O, Frigui H, Krishnapuram R, Joshi A (2000) Extracting 
web user profiles using relational competitive fuzzy clustering. 
Int J Artif Intell Tools 09(04):509–526. https ://doi.org/10.1142/
S0218 21300 00003 2X

 23. Nikolaev K, Drutsa A, Gladkikh E, Ulianov A, Gusev G, Serdyu-
kov P (2015) Extreme states distribution decomposition method 
for search engine online evaluation. In: Proceedings of the 21th 
ACM SIGKDD international conference on knowledge discovery 
and data mining, KDD ’15. ACM, New York, pp 845–854

 24. Page L, Brin S, Motwani R, Winograd T (1999) The pagerank 
citation ranking: bringing order to the web. Technical report, Stan-
ford InfoLab

 25. Poornalatha G, Raghavendra PS (2011) Web user session cluster-
ing using modified k-means algorithm. In: Abraham A, Lloret 
Mauri J, Buford JF, Suzuki J, Thampi SM (eds) Advances in com-
puting and communications. Springer, Berlin, pp 243–252

 26. Sculley D, Malkin RG, Basu S, Bayardo RJ (2009) Predicting 
bounce rates in sponsored search advertisements. In: Proceedings 
of the 15th ACM SIGKDD international conference on knowl-
edge discovery and data mining, KDD ’09. ACM, New York, pp 
1325–1334. https ://doi.org/10.1145/15570 19.15571 61

 27. Vasiloudis T, Vahabi H, Kravitz R, Rashkov V (2017) Predicting 
session length in media streaming. In: Proceedings of the 40th 
international ACM SIGIR conference on research and develop-
ment in information retrieval, SIGIR ’17. ACM, New York, pp 
977–980. https ://doi.org/10.1145/30771 36.30806 95

 28. Wang C, Kalra A, Borcea C, Chen Y (2016) Webpage depth-level 
dwell time prediction. In: Proceedings of the 25th ACM inter-
national on conference on information and knowledge manage-
ment, CIKM ’16. ACM, New York, pp 1937–1940. https ://doi.
org/10.1145/29833 23.29838 78

 29. Zhou C, Bai J, Song J, Liu X, Zhao Z, Chen X, Gao J (2017) 
Atrank: an attention-based user behavior modeling framework for 
recommendation. CoRR arXiv :1711.06632 

https://doi.org/10.1145/3159652.3159699
https://doi.org/10.1145/3159652.3159699
https://doi.org/10.1007/978-3-540-73400-0_12
https://doi.org/10.1145/2556195.2556220
https://doi.org/10.1145/2556195.2556220
https://doi.org/10.1145/324133.324140
https://doi.org/10.1145/324133.324140
https://doi.org/10.1145/2835776.2835833
https://doi.org/10.1145/2835776.2835833
http://dl.acm.org/citation.cfm?id=3008751.3008829
http://dl.acm.org/citation.cfm?id=3008751.3008829
https://doi.org/10.1145/1835449.1835513
https://doi.org/10.1145/1390334.1390412
https://doi.org/10.1145/1390334.1390412
https://doi.org/10.1145/3209978.3210007
https://doi.org/10.1145/3209978.3210007
https://doi.org/10.1142/S021821300000032X
https://doi.org/10.1142/S021821300000032X
https://doi.org/10.1145/1557019.1557161
https://doi.org/10.1145/3077136.3080695
https://doi.org/10.1145/2983323.2983878
https://doi.org/10.1145/2983323.2983878
http://arxiv.org/abs/1711.06632

	New Performance Index “Attractiveness Factor” for Evaluating Websites via Obtaining Transition of Users’ Interests
	Abstract
	1 Introduction
	2 Related Works
	2.1 Web Structure Mining
	2.2 Web Usage Mining

	3 Background
	3.1 Weibull Distribution
	3.2 Pre-experiment of Utilizing Mixture Weibull Distribution
	3.3 Motivation of Founding New Performance Index

	4 Definition of Attractiveness Factor
	5 Browsing Behavior Clustering
	5.1 Definition and Preprocess
	5.2 Picking Average Feature of Users and Websites
	5.3 Decomposing the Number of Transitions into Some Flows
	5.4 Obtaining the Changeable Membership as Network Flow
	5.4.1 Obtaining Reasonable Transition of Users’ Interests
	5.4.2 Obtaining the Flow with Satisfying Users’ Interests


	6 Obtaining the Features of a Cluster by Fitting with Weibull Distribution
	7 Experiment
	7.1 Experiment Environment
	7.2 Validation of Clustering
	7.2.1 Evaluation Metric
	7.2.2 Compared Methods
	7.2.3 Results

	7.3 Evaluation of Attractiveness Factor

	8 Conclusion
	Acknowledgements 
	References




