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Abstract—Nowadays, academic search engines have become
indispensable tools for getting important online scholarly
information. User differences are important factors that
influence the use of information systems. The way people use
academic search engines to find information varies depending
on their information-seeking style. Therefore, finding and
understanding different information-seeking behaviors has
become an important line of research. User behavior patterns
can be discovered by examining user interaction logs to
determine who the users are and what they intend to do. These
insights can be useful in designing more optimized academic
search engines. In this paper, we analyze the user interaction
logs collected from the Iranian scientific information database.
The Ganj database is the official repository for collecting and
organizing theses and dissertations in Iran. Many researchers
search scientific and research resources from the Ganj database
daily. We use a sequential pattern mining approach to extract
frequent sequential behavior patterns on user interaction logs
and to cluster users into three groups based on their frequent
behavior patterns, using the K-means clustering algorithm.
Cluster analysis shows that users with similar frequent behavior
patterns have similar information-seeking styles. Finally, we
found three clusters and named them: fast surfers, deep divers,
and broad scanners. Our findings can help developers of
academic search engines and policymakers to identify users'
needs and priorities to make better decisions to design a
reasonable page layout and well-organized website for all users
based on their search styles.

Keywords—Information-seeking style, Frequent sequential
behavior, Pattern mining, Academic search engines, Clustering

I.

We live in an age when access to information plays an
important role in our daily activities, affecting our decisions.
With the increase in information and communication
technology, utilizing the Internet to search for information has
become prevalent behavior. Recently, seeking information
online has become a preferred way to satisfy our information
needs, due to the availability and coverage of information, the
convenience of searching, affordability of access, and
interactivity. Thus, studying information-seeking behaviors
would be beneficial. The importance of information-seeking
becomes clear when it comes to academicians, researchers,
and students due to their demand for updated information for
their research needs. Studying researchers’ information-
seeking behavior on search engines is important for several
reasons such as meeting the demands of research,
personalizing search results, developing new features or
algorithms to improve search experience, improving search
engine quality, and identifying trends and gaps in research.
Today, there are many academic search engines, including
Microsoft Academic Search, Google Scholar, Web of Science
Core Collection (WoS), Scopus, and so on. They allow free
and easy access to scientific literature and publisher
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independent information on the web [1]. Studying
information-seeking behavior in these search engines gives us
better insight into the expectations of the users and the existing
information services [2].

Information-seeking behavior is described as the way
individuals get information and put it to use [3]. Many factors
influence the information-seeking behavior, including
demographic, psychological, role-related, and environmental
factors [4] [5]. People with different characteristics access
information in particular ways, which we call “information-
seeking style” [6]. Marchionini [7] defined four levels of
description of information-seeking behaviors: moves, tactics,
strategies, and patterns. Moves are defined as single
behavioral actions such as clicking on a hypertext link, typing
a query into a search engine, and using the ‘‘return’” button.
Tactics are a group of behaviors, for example, typing a search
query using general search terms and then using successively
more specific query terms to narrow the search domain.
Strategies are defined as approaches to finding specific
information through sources, for example, using only a search
engine to search for information. Finally, a pattern is defined
as automatic and unconscious interactions used for all
information-seeking tasks, not just those on the WWW (i.e.,
probably something like a searching style). In this paper, we
focus on users’ behavior patterns to extract their information-
seeking style. It is important to be aware of the users’ search
behavior and their needs in order to improve search engines
[8]. A good way of analyzing users’ search behavior and
getting an understanding of their information-seeking style is
to examine the log files of search engines because they
provide rich information about systems and the activities
occurring on them [9]. Web Mining is a method of finding
information from the Web; it can be classified into three large
types depending on which part with Web is exploited: Web
content mining, Web structure mining, and Web usage mining
[10]. Web usage mining focuses on users’ interaction with
websites [11]. The main aim of web usage mining is to
investigate user navigation and browsing through web pages,
extract users’ behavior patterns, and understand various other
requests made by users.

We use web usage mining to determine users’
information-seeking style based on frequent sequential
behavior. In the first step, we extract frequent sequential
behavior for each user, then run a clustering algorithm and
then analyze each cluster. The results show that users with
similar frequent patterns during their research have the same
search style. This finding can help developers in personalizing
search engines based on users’ search styles.

II. RELATED WORKS

The problem of identifying user search behaviors relates to
several distinct research areas, including information-seeking



behavior, extracting frequent sequential behavior, and
segmentation of users. The novelty of our research is in
addressing the lack of previous work that analyses frequent
sequential user behavior in academic search engines and
clustering users based on their behavior.

In 2006, Thatcher defined some search tasks for 80
participants and investigated their strategies during their
search [24]. These tasks are categorized into two groups,
including two researcher-defined tasks and two participant-
defined information-seeking tasks using the WWW. The
participants were given a maximum of 15 min each for each
task and could terminate the search at any point before the 15
min. Log-file data and observations were examined and
analyzed. There were 28 types of search moves identified and
based on Marchionini’s [7] search model; the search moves
were classified into five areas: task initiation behaviors, search
terms, sustaining search behaviors, task termination
behaviors, and unusual behaviors. The results showed that the
search strategy was dependent not only on the type of search
task but also on whether the task was defined by the researcher
or the participant. In addition, at least two of the cognitive
search strategies (i.e., ‘‘search engine narrowing down’’ and
““search engine player’’ strategies) were utilized by
participants to exploit the different perceived qualities of
search engines.

In 2013, researchers studied user behavior on Spotify [14].
They used a massive dataset collected between 2010 and
2011. They found that there is a daily pattern for users and
behavior of switching between desktop and mobile devices for
using Spotify. Their results showed that users have their
favorite times of day to access the service. Moreover, the
results demonstrated that there are correlations between the
session length and downtime of successive user sessions on
single devices. These results helped developers understand
user behavior in Spotify and provided new insights into user
behavior in other music streaming services.

In 2016, Han & Wolfram analyzed users’ patterns for
understanding user search and browsing behavior [15]. They
applied three analytical techniques: network analysis,
sequential pattern mining, and k-means clustering. They
gathered log files from an image collection digital library for
three months. The results showed that even though users had
different search lengths, their behaviors were uniform.
Moreover, users were not interested in using all search
features. Finally, they concluded that developers of image-
based digital libraries should consider design features that
support rapid browsing.

In 2018, Nguyen et al. proposed a visual analytics approach to
gain deep insight into the expected and unexpected user
behaviors through an analysis of their action sequences [16].
Their contribution was designing a method to identify high-
level, semantically relevant patterns, activities, from raw
action sequences. They evaluated the applicability of their
approach in a case study that involved tasks requiring effective
decision-making by a group of domain experts. In 2019, Liu
et al. investigated information-seeking behavior on Web
searches. They gathered 693 query segment data from 40
participants and analyzed their intention and search behavior
[13]. The results showed that task features significantly
impacted the frequency of occurrence of most of the
information-seeking intentions.

In 2018, Ndumbaro conducted a study on the information-
seeking behavior of users in the Online Public Access
Catalogue (OPAC) of the University of Dar es Salaam library
[36]. The study aimed to identify the reasons for search
failures and to shed light on the effects of default search
options on users' search experiences. The research findings
were based on empirical evidence from search logs and
previous related studies. The study found that users preferred
to use titles, author names, subject terms, and keywords in
their searches, which accounted for over 83% of all search
queries. On the other hand, phrase search accounted for only
13.3% of all searches, while ISSN, ISBN, abstract, publisher,
and year were among the least used search options. One
possible explanation for this finding is that ISSN and ISBN
may not be widely known to users. The study also identified
the reasons for search query failure, which were related to both
human errors and system ineffectiveness. Human errors
included spelling mistakes, typos, inappropriate use of
Boolean operators, wrong syntax, and inappropriate use of
search fields.

In 2020, researchers suggested using sequential search pattern
analysis and clustering to analyze customers’ search behavior
throughout an entire shopping process[12]. They used
maximal repeat patterns (MRPs) and lag sequential analysis
(LSA) to analyze the sequence of search paths and identify
significant repeated search patterns. Based on their research,
there are four groups of customers who browse for
information, adopt recommendations, consult reviews, and
conduct searches with different levels of goal-oriented or
exploratory-based need-states. The findings demonstrated that
customers with strong goal-oriented need-states have the
simplest search paths compared to other groups, whereas
exploratory-based customers have the most complicated
search paths. Moreover, customers who are goal-oriented
prefer to search directly, consult reviews carefully, and have
stored sequential search patterns, while customers with
exploratory-based need-states have a tendency to explore the
categories of products and adopt product classification
hierarchy.

In 2022, Zerhoudi et al. suggested a Markov approach to
simulate user sessions to protect users’ privacy. They use their
methods to simulate log data of search sequences performed
by users in a digital library [29]. They used the Sowiport User
Search Session data set (SUSS) which contains over 48000
individual search sessions and around 8 million log records.
Their results show that their approach reliably simulates
global and type-specific search behavior.

In 2019, a study was conducted by Barifah and Landoni which
aimed to identify hidden usage patterns by analyzing a dataset
of 28 million records from the RECO Doc DL log files [35].
They used four main features: session starting points, content
discovering actions, types of functions used (if any),
termination actions, and session duration to recognize usage
patterns. Based on these features they created three datasets
from the population with different sizes (10%, 5%, and 2%)
through a process of random selection without replacement.
After that, the clustering algorithm was run, and the optimum
number of clusters was determined. The findings revealed that
there are three distinct usage patterns: item seekers,
navigators, and searchers. Item seekers are distinguished by
performing a single action, such as viewing or downloading
items, without engaging in any additional interactions with the
system. Navigators, on the other hand, spent more time on the
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system and performed activities such as clicking on a
collection, viewing a result page, evaluating the snippet, and
browsing the result pages. Finally, searchers were users who
submitted queries, evaluated the results, browsed the result
pages, and clicked on items.

The novelty of our research lies in using frequent sequential
behavior as a means of identifying similar search styles.
Considering the information-seeking style of the users while
designing the academic search engine will help managers and
policymakers of academic search engines, such as the Ganj,
create a better and more efficient search experience for the
users.

III. RESEARCH DESIGN

We took a three-step approach to analyze and categorize the
users’ frequent sequential behavior patterns in an academic
search engine. The steps are:

A. Data collection

The purpose of this step is to record users’ navigation paths
when they visit the Iranian scientific information database
(Ganj). The idea behind the creation of Ganj originated five
decades ago when collecting, organizing, and disseminating
scientific and technological documents began in Iran.
Currently, most of the up-to-date data of Ganj comes from
theses, dissertations, and research proposals, but its scope is
quite broad and includes research plans, government reports,
and scientific articles. According to IranDoc's official report,
Ganj contains over 1 million scientific records, over 500,000
of which are theses. All researchers, students, and faculty
members can use the search engine of Ganj; free user
registration is required to download the full text of the
document. In addition, over 130,000 searches are performed
daily on this database (IranDoc, 2022). In recent years, a lot
of research has been done on users’ search logs, analyzing
users’ behavior and evaluating users’ satisfaction with Ganj
[17][18][19][20]. Since Ganj is the official archive of Iranian
scientific research and is widely used by Iranian researchers,
we used this database in our study. When users search on
Ganj, they have different types of interactions with this
website. For example, researchers can search literature by
entering keywords related to the search topics. The search
results will display a list of theses, dissertations, research
proposals, and scientific articles that match with search
criteria. Once researchers are logged in, they can enter their
search criteria into the search bar. This could include
keywords, author names, or article titles. Users can also use
advanced search options to refine their search results based
on factors such as publication date, subject area, and type of
publication. After displaying the search results by Ganj,
Users can review the search results and filter them further
based on relevance, and other factors. They have two options
for accessing the documents: Downloading the first 15 pages
of the documents or downloading the full text of the
materials. Also, they can just click on Abstract, keywords,
RSS, and so on. All search behaviors are recorded in a raw
format file. In this step, for data collection, a dataset
containing valuable information is generated from the raw
format files based on users’ behavioral activities. Next, data
cleaning is performed on the dataset. The details of the
activities are described in the next section.

B. Extracting frequent sequential patterns for each user

We defined a sequence of users’ behavior patterns based on
their activities. We consider a sequence of behavior patterns

as X=<xi, Xz, ..., Xm> Where X; is a user activity during their
search (session). For example, the sequence <Advanced
search, Click on search results, Show the document, Basic
search, Request to show abstract> is a sequence of user
behavior patterns. In this step, based on previous research
[21][22], we considered a 30-minute time interval for the
segmentation of sessions and extracted the sequences of
behavior patterns for all users. After that, we extracted all
subsequences of behavior patterns for all users. We define a
subsequence of behavior patterns as follows. Let X=<xi, X2,
vy Xkel, Xi> and Y=<y, y2, ..., ym>, m<=k be two sequences
ofbehavior patterns, YE X indicates that X is a super behavior
pattern or Y is a subsequence of X if there exists x1=y1, Xo=Yya,
..., X)=ym where j<=k-1. A new dataset is generated based on
all subsequences of behavior patterns along with their
frequency. Then, the most frequent sequential behavior across
all users is determined.

C. Running the K-means clustering algorithm on frequent
sequential patterns and analyzing clusters

In this step, we apply the K-means clustering algorithm to the
frequent sequential behaviors that were obtained in the
previous step in order to categorize users based on their
frequent sequential patterns. The k-means algorithm was first
introduced by Lloyd and then by MacQueen [23]. It is an
iterative algorithm that attempts to divide a dataset into K pre-
defined distinct subgroups (clusters) where each data point
belongs to only one cluster. It tries to make the data points in
a cluster as similar as possible but keeps the clusters as
distinct as possible. The popularity, simplicity, and efficiency
of this algorithm in various applications were some of the
reasons for choosing this algorithm. In addition, it works well
with many variables and is fast. However, one of the main
drawbacks of K-means is that the number of clusters (the
value of K) needs to be chosen in advance. Choosing k is
often an ad hoc decision based on prior knowledge,
assumptions, and practical experience and it is more
challenging when the data has many dimensions, even when
clusters are well-separated [25].

IV. EXPERIMENT AND RESULTS

In this section, the mentioned steps are performed on the Iran
scientific information database (Ganj).

A. Data collection

A total number of 683,932 interaction records were collected
from 1000 unique users in 183 days (from September 2021 to
February 2022). Each record of user interaction includes “id”,
“log type”, “date”, “url”’, and “info”. The “id” feature
indicates ids of users. The “log type” feature shows the
behavior of users and has 12 different values. In Table 1, the
distribution of percentage for different log_type is listed. As
shown in Table 1, Log type 2 which refers to “Basic search”
was the most used log type comparing with other log types.
Nearly half (49.2%) of users’ behaviors are log type 2 (basic
search), followed by log type 1 (Log in to the system) with
12%, Show the document with 10.1%, and view full text with
10% as the next most frequent behaviors.

Not all of the 1000 users were active every month. Some
users were only active for some months from September 2021
to February 2022. February is the month with the least
number of active users, whereas October was the month with
the most active users. In Iran, the academic year starts on the
23rd of September, and because of that, there is a high
number of users in October. In February most grad and
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undergrad students and faculty members are busy with the
final exams, they only have a little time to do research, which
explains why the number of users decreased in February.

TABLE L. DESCRIPTION OF DIFFERENT LOG TYPES
.. Distribution of
Log Type Description Percentage
1 Log in to the System 12%
2 Basic search 49.2%
3 Show the user profile 0.61%
4 Advanced search 0.84%
5 Click on search 2%
results
6 View document info 3.1%
7 Request to show 4%
keywords
3 Request to show 4.6%
abstract
Request to show o
? additional fields 3%
10 RequesF to show 0.15%
admin data
11 Show the document 10.1%
12 View full text 10%

B. Extracting frequent sequential patterns for each user

As mentioned in the previous section, we extracted a dataset
from the raw data, which includes users’ id and a sequence of
behavior patterns in a 30-minute time frame. The generated
dataset has 1000 records representing 1000 users. For each
user, there is a lot of sequential behavior which shows their
activities in the system. As an instance, the sequence </, 2,
5> is a sequence of user behavior patterns and is described
based on log_type in Table 1 < Log in to the System, Basic
search, Click on search results>. Because there are many
unique sequences with different lengths, we extracted all
subsequences for all users along with their frequency. For
example, for a user who has a sequence <2,3,4>. There are
sequential subsequences such as <2,3> and <3,4>. In this
step, we extracted all subsequences for all users. Since the
aim of this research is to investigate frequent sequential
behavior, we just focus on the subsequences which are more
frequent rather than others. Moreover, we are looking for
meaningful subsequences therefore we limit our dataset to
subsequences with lengths between 3 to 7. It is clear that the
long and short subsequences are not interpretable. Finally, we
chose 100 of the subsequences that are the most frequent. The
total number of subsequences is 10, 202, 019. The frequency
of the top 20 frequent subsequences for all users is shown in
Fig 1.

C. Running the K-means clustering algorithm on frequent
sequential patterns and analyzing clusters

In this step, we ran the k-means algorithm to cluster users.
Our aim was for users with the same frequent sequential
behaviors to be placed in the same cluster. The number of
clusters (value of K) should be specified. As mentioned
before, choosing the value of K is a bit challenging. We used
different measures to determine the K value.

The first measure is Silhouette which uses the compactness
of individual clusters (intra-cluster distance) and separation
amongst clusters (inter-cluster distance) to measure an
overall representative score of how well the clustering
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algorithm has performed [26]. A higher score indicates better
clustering. Therefore, the silhouette score for K = 3 is the
best for our study. The other measure is Davies-Bouldin
which is defined as the average similarity measure of each
cluster with its most similar cluster, where similarity is the
ratio of within-cluster distances to between-cluster distances
[27]. Based on this measure, lower values indicate better
clustering. The lowest score belongs to K=3 which suggests
the best number of clusters for our data. Another measure is
the Elbow method which is based on the sum of squared
distance (SSE) between data points and their assigned
clusters’ centroids [28]. The best K is the K at the spot where
SSE starts to flatten out and form an elbow. We evaluated
SSE for different values of K on our dataset. The result
shows that the curve forms an elbow and flattens out at K =
5.

<Basic search, Basic search, Basic search>

<Basic search, Basic search, Basic search, Basic search>
<Basic search, Basic search, Basic search, Basic search, Basic
search>

<Basic search, Basic search, Basic search, Basic search, Basic
search, Basic search:

<Basic search, Basic search, Basic search, Basic search, Basic
search, Basic search, Basic search>

View full text, Show the document, View full text>

<show the document, View full text, Show the document>

Show the document, View ful text, Show the document,
View full text>
<Basic search, Show the document, View full text>

<Request to show abstract, Request to show keywords,
Request to show additional fields>
<View full text, Show the document, View full text, Show the
document>

<Show the document, View full text, Basic search>

Subsequence

<View document info, Reque:
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abstract, Request to
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show keywords, Request to show additional fields>
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<Show the document, View full text, Show the document,
View full text, Show the document, View full text>

Basic search, Basic search, Show the document>

<Basic search, Basic search, Show the document, View ful
text>

<Show the document, View full text, View full text>

0 50000 100000 150000200000 250000

Frequency
Fig. 1. Frequency of top 20 most frequent subsequences for all users

We ran the k-means algorithm for K=3 and K=5 on the
dataset that was generated in the previous step. The result
showed that the best K is 3 because for K=5, three clusters
almost have the same frequent sequences, thus, we consider
them the same. The results of clustering show there are three
clusters with different frequent sequential behaviors. In the
first cluster, there are 478 users whose frequent sequential
behaviors are shown in Fig 2. In the second and third cluster,
there are 358 and 152 users whose frequent sequential
behaviors are shown in Fig 3 and 4.
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Fig. 2. Percentage of frequent sequential behaviors in Cluster 1
(Fast surfers)
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Fig. 3. Percentage of frequent sequential behavior in Cluster 2
(Deep divers)
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Fig. 4. Percentage of frequent sequential behavior in Cluster 3
(Broad scanners)

V. DISCUSSION

Based on Heinstrom's view [34], there are different categories
of people according to their information-seeking style: fast
surfers, broad scanners, and deep divers. We used this view
to label our clusters. In our opinion, users in cluster 1 are Fast

surfers. Fast surfers tend to judge a document by its
characteristics, such as looks, type, easy availability, etc.,
rather than the content of the document. Additionally, they
prefer recently written and overview materials. They tend to
search for quick answers; hence, they do not use web material
unless it can be found with the least effort. Lack of time acts
as a barrier to thorough information seeking. In Fig. 2,
frequent subsequence behavior patterns for users show many
basic searches. It means these users only use the basic and
simple search on the search engine instead of advanced
search. Moreover, they do not view the full texts and do not
read them. They only perform a quick search with the least
effort. For example, a frequent behavior of users in this
cluster is <Basic search, Basic search, Basic search, Basic
search, Basic search>.

Deep divers tend to consider the validity of the information
source important. It’s important for them that the material has
high scientific quality. These individuals put much effort into
seeking information; therefore, they value thorough material.
As the results in Fig. 3 show, users in Cluster 2 behave as
deep divers because most of the frequent subsequences of
their behavior are viewing documents for downloading the
full text. It is a sign that they are interested in fully reading
the documents. As an illustration, a common behavior among
users in this cluster is <Basic search, Show the document,
View full text, Show the document, View full text >.

Broad scanners support the idea of using various sources.
They search widely and access many sources. These
individuals thoroughly seek information and discover
information accidentally. As a significant characteristic, they
tend to search for numerous slightly related documents rather
than a small number of exactly on target documents.
Additionally, they are opportunistic and do not plan their
database searches in advance. As the frequent sequential
pattern shows in Fig. 4 users in Cluster 3 are broad scanners
which is why their frequent behaviors are based on broad
search. They present different behaviors, such as clicking on
the abstracts, clicking on the search results, viewing the
information about the document, and viewing the full text.
We conclude that people in Cluster 3 show broad scanner
behaviors because they have different sequences of behaviors
compared to people in Cluster 1 and Cluster 2. The most
frequent behavior in Cluster 1 (fast surfers) is only basic
search and in Cluster 2 (deep divers) is basic search, request
for showing the document and view full text for downloading
it. For instance, a prevalent behavior observed among users
in this cluster is < View document info, Request to show
abstract, Request to show keywords, Request to show
additional fields >.

Considering the results described above, managers and
designers of academic search engines can create different
versions of the search engine interface and options to match
the needs of each search behavior cluster and support rapid
browsing.

Fast surfers tend to give up on their search quickly and prefer
overview material; therefore, using autocomplete function in
the search box and other search assistance tools along with
retrieving shorter and recently written articles can lead to a
better search experience for them. Deep Divers prefer to
carefully read the full text, so showing the most cited
documents would create a better searching experience for
these users as they value the validity of the article and the
author. Providing an advanced search tool can help deep

1787



divers design their search queries to retrieve their desired
results from the database. Broad scanner users tend to click
on many items in the search results and they prefer to search
broadly. An option to save useful finds for later could
facilitate their search by allowing them to keep track of their
discoveries.

Mapping the user’s search behavior to the appropriate cluster
will allow using a tailored version of the system interface that
to optimizes the functionality to the needs of the user.

VI. CONCLUSION

According to some research, users’ loyalty to digital libraries
is declining. Researchers have found that factors such as user
satisfaction [31], quality of services [33], customer value
[32], ease of use, perceived usefulness and digital libraries’
affinity influence customer loyalty directly or indirectly [30].
Based on the results, users’ differences also impact user
satisfaction and loyalty. Unfortunately, building a fully
personalized user model is challenging due to the lack of
sufficient daily user interaction on an academic search engine
in digital libraries compared to a web search engine. To
address this problem, academic search engines need to be
smart and identify users’ needs and styles based on their
behavior. In most of the research related to digital libraries
and search engines, researchers focused on analyzing log data
to report information such as query length, time of the search,
and so on, but not on identifying user behavior patterns.
Extracting sequential behaviors has been of interest to
researchers in the online shopping research area and
clustering customers.

The novelty of our approach is using sequential behavior
clustering to find different search styles of researchers in
research papers repositories. We believe that if academic
search engines can detect users’ search styles, and if
developers present a personalized version of a digital library
to each cluster, they can increase users’ satisfaction without
incurring the cost of personalization for an individual.
Therefore, we focused on clustering users based on their
search style or information-seeking behavior. We categorized
users into three groups based on their information-seeking
behaviors. First, frequent sequential behavior patterns of each
user were extracted. Next, users were clustered into three
clusters based on their frequent sequential behavior patterns.
We named the three clusters “deep divers”, “fast surfers”, and
“broad scanners”, by mapping them to Heinstrom's
information seeking personality types [34]. The method we
propose was applied to the Iranian research repository Ganj,
but it is applicable to any other academic search engine
database.

Considering technology and internet improvements in the
information era, demands for easier and more efficient
information retrieval are increasing. Providing search engines
based on users' needs and styles can help to increase user
satisfaction.

When an academic search engine is evaluated, users evaluate
its performance based on their needs and styles. If developers
consider what features are attractive and useful for each
group of users, they can design a reasonable page layout and
well-organized website for all users based on their search
styles. Finally, designing an academic search engine
considering the users' information-seeking style helps
managers and policymakers bring a better and more efficient
search experience for the users.
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