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ABSTRACT The recent advancements in the web allow users to generate multimedia content, resulting in
multimedia information proliferation. Existing search engines provide access to multimedia content via a
disjoint assembly of media-specific results called verticals. However, this decentralized assembly of media
contents requires manual aggregation and synthesizing efforts at the user’s end, hindering the information
exploration process and subsequently may cause cognitive overload, hence, demanding innovative tools to
discover multimedia content. The researchers have devised numerous state-of-the-art approaches; however,
analysis to confirm the efficacy has little emphasis. This study investigates users’ complex multimedia
information-seeking behavior over state-of-the-art web search systems to unveil the user’s information-
seeking issues. Our research employs between-subjects study and post hoc analysis strategies to analyze
participants’ information-seeking characteristics. The study design adopted statistical hypothesis testing to
consolidate previous user behavioral studies, confirm existing strategies, and present recommended practices
for future general-purpose web search engines. The participants were assigned Google and an advanced
discovery search system using the same multimedia dataset to ensure the obtained results’ credibility.
The primary behavioral parameters include search efforts, multimedia content exploration, search user
interface (SUI), information management and presentation, and user cognition. This study uncovers several
inadequacies of the search engines in meeting users’ complex discovery needs, including 29.6% less user
engagement, 43% system and searching dissatisfaction, and 32% less knowledge acquisition with 63.9%
increased clicking effort on traditional search engines. The results confirmed previous user studies and
suggest novel research recommendations statistically significant in multimedia information exploration-
related endeavors.

INDEX TERMS User behavior analysis, information discovery, information seeking, multimedia
information, visualization, search engines.

I. INTRODUCTION
In the 21st century, the internet connects millions of
devices that generate an enormous amount of multimedia
data [1], [2]. The web has accumulated zettabytes of
heterogeneous information on the web that creates new
challenges in managing the immense amount of multimedia
data and therefore is, transforming the web into a giant
multimedia graph [3]. Contrarily, users are demanding
more from multimedia services to suffice their information
needs [2]. However, managing information retrieval tasks

The associate editor coordinating the review of this manuscript and

approving it for publication was Arif Ur Rahman .

in the large-scale multimedia system require considerable
processing and storage resources [2]. Users, on the other
hand, envisage seeking multimedia information to discover
desired information and develop complex intellectual skills
such as knowledge acquisition, comprehension, analysis,
synthesis, and evaluation [4]. The overall goal is to collect,
assemble and make sense of the information, resulting in
discovery-oriented seeking behavior [5].

Nowadays, multimedia content is accessible via the web,
which also motivates the users to seek the desired information
in different media formats such as text, audio, image,
and video, via web [6]. Nearly 40%−50% of users are
engaged in the dynamic and unplanned nature of web
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multimedia searches to explore information [7] and 78%
of the users use the internet with the intent of discovering
desired information in addition to factual retrieval [8], [9].
In 71% of web usage scenarios, the user needs a method
that allows them to assemble the information from multiple
sources in a synthesized form to meet their information
needs [10]. Google1 serves over 2 million search queries per
minute, and 25 petabytes are processed daily. Nearly 38%
of the issued queries represent exploration and discovery
intent. However, the enormity of the heterogeneous data
demands efficient and effective management tools and
techniques [6].

The prevalent issues present in the existing web search
engines are related to the dispersal of relevant multimedia
information in various verticals, ranked positions, and
pages. [11]. As a result, completing complex exploratory
search tasks requires more queries, heterogeneous results,
and more sources than less complex tasks on the existing web
search engines [12]. In this scenario, information discovery
can only be enabled by allowing the user to comprehend,
synthesize, and acquire the relevant information [12]. Going
beyond known-item search has become a must and demands
more effective innovating tools that facilitate discovery [3].
The existing literature concerns analyzing and solving the
user challenges in information discovery in specific domains
or expertise groups [5], [13].

The emphasis on analyzing the actual user informa-
tion seeking and composition behavior on the advanced
exploratory search systems and existing search engines dur-
ing the dynamic information search scenarios is inadequate.
It is partly due to the lack of generalized approaches that
can be instantiated over a real dataset and evaluated via
general audiences. As a result, the existing techniques either
lack comparable results or provide comparative empirical
results via generalization of the existing state-of-the-art
approaches [5], [14]. There exists the need to qualitatively
understand the characteristics of discovery search tasks [15],
including open-ended and multi-faceted questions having
many possible answers, often incorporating information
exploration and lookup activities [15]. It is reported as
a highly complex problem bridging the different areas of
information seeking, interactive information retrieval, and
SUI design [15].

This research is an extension of our previous work
that mainly concentrated on theoretical and architectural
formations of lookup, exploratory, and discovery search
systems [3], [16]. The research presented in this paper aims
to create a comparative information-seeking environment to
analyze users’ post hoc information-seeking behavior on the
proposed exploratory and discovery search system and the
existing search engines. The existing search engines present
media-specific search results, called verticals, via the aggre-
gation technique. This research uses the same in the proposed
exploratory and discovery search system as a foundation.

1https://www.google.com/

The proposed system exploits user discovery via data mining
(clustering, semantic analysis, & summarization) techniques
and employs information exploration and discovery fostering
parameters.

We performed a detailed user behavioral analysis on the
proposed and baseline systems using a between-subjects
experimental design. Our behavioral study aimed to provide
qualitative insights about the users during their information
lookup, exploration, and discovery needs. We used the
Google search engine as a baseline in the comparative
analysis instead of generalizing the existing state-of-the-
art search engine. The contributions of this research are
threefold. At first, we present a comparative user study based
on the real baseline and advanced exploratory and discovery
search systems that analyze information-seeking behavior
in information lookup, exploration, and discovery search
scenarios. Secondly, we made an effort to confirm previous
user studies in this context. Thirdly, we qualitatively establish
better standards having statistical significance to enhance
information lookup, exploration, and discovery activities via
user modeling.

The rest of the discussion is organized as follows.
Section II provides the background of the relatively new
information discovery search paradigm and establish
research hypotheses. Section III outlines the problems
& motivation behind this research. Section IV briefly
discusses the system setup & preliminaries. Sections V
and VI explain the study method and experimentation
results, respectively. Section VII briefly discusses the
findings and obtained results. Finally, Section VIII for-
mally concludes the paper and provides future research
directions.

II. BACKGROUND & HYPOTHESIS
Historically, information lookup was the most primitive
search activity instantiated to seek answers to convergent
search tasks since information on the web mainly consisted
of textual content, and users could only receive/browse them
via search engines [17]–[19]. Consequently, the search tasks
had precisely defined exploration criteria emphasized (what
to look for) to satisfy information needs [20]. The invention
of web 2.0 (also known as the social web) allowed the
users to publish multimedia content [11]. As a result, the
users’ information needs are becoming broader, with search
tasks having a discovery intent, often starting with divergent
questions of ‘‘what, how, and why’’ [19]. Marchionini con-
solidated thementioned prevailing trend under the category of
exploratory search [18]. The overall objective is to explore the
information beyond visible horizons, leading to knowledge
acquisition, comprehension, interpretation, comparison, and
aggregation [19], [21]. The exploration requires re-modeling
the conventional information organization and presentation
techniques [11].

Nowadays, web users are also demanding more from the
search systems since the multimedia content is proliferating
and consists of multiple modalities of information (i.e., text,
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audio, image, and video) [3]. The exploration of multimedia
information requires the discovery of relevant and desired
information. It creates challenges in the information integra-
tion and synthesis [16]. Kerne et al. firstly addressed the
discovery needs of the web users [19]. Information discovery
is formally defined as a process that encapsulates the activity
of finding, collecting relevant information, and developing
understanding and relationships among them [19]. It creates
a dynamic information-seeking environment requiring the
assimilation of multimedia information from diverse sources
having many different valid solutions and, therefore, creating
non-linear search patterns often supported by interactive
SUIs [3], [11], [22]. Various past researches relied on
the use of visual elements such as charts, maps, and
graphs [23]–[25].

Recently, increased computational power enabled
researchers to deploy complex graph-based dynamic visu-
alizations in more user-friendly SUIs [26]. The result of
such interfaces, however, lacks a thorough comparison
with existing state-of-the-art approaches [11], [27]. The
aggregation of heterogeneous information is also shown to
support complex search patterns [14], [22], [27]. Common
information aggregation techniques include synthesizing the
disjoint media-specific search result verticals [11], [14],
[28], predicting the best modality of the search results in
response to the user queries [27], and defining optimal
positions [29]. However, these studies lack a detailed com-
parative analysis of the users’ information-seeking behavior
over the existing search systems. The following sections
investigate key information discovery fostering parameters
discussed above and formulate hypotheses to confirm the
efficacy.

A. DISCOVERY SEARCH TASKS
At present, discovery search tasks are complex, and web
surfing is beyond simply finding an answer to a specific
question [4]. In particular, a discovery search initiates when a
user wants to discover a domain, acquire/expand knowledge,
or learn new topics [30]. Most recent literature has made an
effort to investigate specific parameters of such tasks using
easily measurable user behavior [31]. In less complex search
tasks, due to high information seeking confidence, users
issue well-articulated queries [31]. The mentioned scenario
may allow a search engine to retrieve the most relevant and
precise result sets [22]. However, the unclear information
needs with multiple exploration targets make the discovery
search tasks open-ended [32]. In such cases, the capability
of search systems does not primarily depend on complex
algorithms [3]. The overall interaction design between
the user and the system must be considered holistically
symbiotic [20], [33]. Therefore, to confirm this behavioral
observation, we hypothesize:

H1: The lookup-based search engine usage complexity
is higher during the discovery search tasks than in the
discovery-oriented search system.

B. DATA MODEL
The existing commercial web search engines such as
Google, Yahoo,2 and Bing,3 acknowledge the increasing
information needs and to provide the first-aid, often blend
media-specific search results in the first page of the web
search results [11], [30]. However, the linear organization
and disjoint assembly of the multimedia search results hinder
the information exploration [5]. Moreover, users reported a
widespread concern that they are not informed diversely by
search engines, causing difficulties in exploration [34]. This
inadequacy lies in the way information is internally structured
in a data model [22]. To confirm the inadequacy of the
linear list in standard web search engines in exploratory and
discovery search tasks, we hypothesize that:

H2: Organization of the information in the linear list increases
perceived discovery task difficulty compared to non-linear
information organization.

C. INFORMATION INTEGRATION
Discovery and exploratory search tasks require the synthesis
of information from a variety of vertical information
sources [27], [30]. The present search engines provide access
to diverse multimedia sources using disjoint verticals (web,
image, video, news, etc.) [16]. Quick access to these disjoint
sources is often offered via partially blending the subset of
the disjoint list on the traditional web results page [35]. The
researchers focused on presenting verticals simultaneously
on a single screen [14], [36]. However, such techniques still
suffered from the widely criticized hoax of linear lists due
to the lack of comparable verticals aggregation techniques
instantiated on a real-dataset [3], [35], [37]. The search
engines usually use the predictive method to find the optimal
position of the vertical to the given user query to enhance the
effectiveness of the vertical blending [29]. We hypothesize
that:

H3: The partial blending of the verticals on the traditional
web search results page provides less complex search
task completion satisfaction than fully-blended verticals
aggregation.

D. INFORMATION SYNTHESIS
The users often encounter difficulty in synthesizing the
multimedia information, especially in the case when relevant
contents are retrieved from disjoint sources and scattered
in various disjoint multimedia verticals, search positions,
and pages [3]. For instance, a topic within the search
results space, e.g., FIFA in Mexico, may have the relevant
image, video, web, and news search results [11]. Due to
the displacement of the search results related to a topic
over various places, users often encounter hindrance in
synthesizing the required information [16]. As a result, users

2https://www.yahoo.com/
3https://www.bing.com/
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may acquire less knowledge and subsequently issue more
well-articulated queries to seek the relevant information [38].
Hence, we hypothesize that:

H4: Lack of information synthesis leads to lower knowledge
acquisition, increased number of queries, and query length.

E. NON-LINEAR JOURNEY
Information exploration and discovery tasks are dynamic;
finding a relevant piece of information can trigger the
need for additional browsing and search for unanticipated
reasons [4], [12]. It forms non-linear information-seeking
patterns [4], [11], [39]. In this scenario, a user needs to
exploit the multiple information organization structures, such
as the ability to explore an item holistically and browse
more interesting results related to a focused item, to enhance
sensemaking [40]. Moreover, the linear list of the search
results solely is inadequate to support this non-linear behavior
in discovery search tasks [22]. To confirm this behavior,
we hypothesize that:

H5: Dynamic search tasks require the exploitation of multiple
information organization structures compared to unified
presentation styles.

F. ENGAGEMENT VIA SUI
The use of SUIs is known to enhance user experience and
cognitive engagement [38]. An appealing user interface and
interactive visualizations detain the user’s interest in the task
and keep them captivated to seek the information for a more
extended period [41]. As a result, the user can browse more
interesting content [36]. Whereas, if the user interface cannot
visually appeal to a user, then the result introduces a quicker
disinterest in the user’s task [11]. Hence, we hypothesize that:

H6: Appealing visualizations and search user interfaces
enhance users’ interest, increase the number of contents
browsed, and task exploration time.

G. AGGREGATED PRESENTATION
The optimum presentation of aggregated multimedia search
results is a focus of many researchers [21], [29], [42], [43].
Mainly, a predictive method is utilized to measure the opti-
mum positioning of the aggregated media-specific verticals
and placed either horizontally (grid-based layout) [14] or
vertically (linear lists) [29]. The goal of verticals aggregation
is to reduce user efforts in discovering interesting multimedia
artifacts [14], [42], [44]. The grid-based aggregation of the
verticals enable increased exploration [14], [42]. Conversely,
linear list-based verticals aggregation helps in the detailed
examination of information [42]. The discovery search
tasks, on the other hand, are dynamic, and the goal of an
information seeker switches between holistic examination
of the information in detailed analysis [34]. Nevertheless,
a study on the combination of vertical and horizontal
presentation of aggregated disjoint verticals in discovery

search scenarios is still to be studied. Hence, we hypothesize
that:

H7: The horizontal and vertical presentation combination
reduces search efforts when discovering multimedia artifacts.

III. PROBLEMS & MOTIVATION
Information discovery is an emerging search and exploration
paradigm [3], [45]. It is a challenging task to pose an
exploratory search leading towards discovery [46]. The previ-
ous studies measured the effectiveness of advanced proposed
search engines by comparing them with a generalization of
traditional search engines [45]. However, to the best of our
knowledge, there exists a lack of detailed and statistically
significant study that analyzes the users’ behavior over
an advanced search system and the present state-of-the-art
search engine on different types and user categories. There
exists a need to expand the areas of information retrieval on
the web and user studies for comprehensive identification,
and finding of the users’ actual search needs [47], [48].
Approximately every three out of four usability studies do
not assess the outcome of the users’ interaction, therefore,
leaving unsupported any broad claims about usability [48],
[49]. There exists a weak relation between the usage patterns
and quality-in-use [48], [49].

Additionally, the users’ satisfaction with the search
interfaces is often inadequately measured since most studies
reinvent the questionnaires while ignoring the validated
questionnaires readily available in literature [23], [49]–[51].
We identified and analyzed various main parameters in
the information systems, including information organization,
presentation, aggregation, synthesis, and visual appearance.
We determined the outcome of each parameter individually
and collectively on the users. Specifically, in this research,
we mainly:
• Studied the effect of various information system param-
eters in the discovery search scenario.

• Statistically analyzed and discussed the outcome of each
parameter using standard usability scales.

• Confirmed the parameters analyzed in previous research
and the newly recommended discovery practices.

IV. SYSTEM SETUP & PRELIMINARIES
This section discusses a brief system walk-through to
provide a generic system overview. Subsequently, detailed
system instantiation, including the data model and the
inherited organization of information, are explained. Finally,
an interactive user interface explains the interconnection of
each discussed component.

A. SYSTEM WALKTHROUGH EXAMPLE
The web search engines present the results as a disjoint
assembly of the verticals (Figure 1(b)). The approach is
simple lookup-based in which a user knows what to look for
in exploration [22]. To enhance the efficacy of information
lookup, the most common popular commercial web search
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FIGURE 1. Approach overview. (a) User query instantiation, (b) Verticals aggregation, (c) Search results encoding, (d) Non-linear graph exploration, and
(e) Discovery mechanism.

engines such as Baidu,4 Bing, Google, Yahoo!, Yandex5 etc.,
blend top few search results assembled from the different
verticals into the linear ranked list of expected results.
The integration of the verticals is primarily partial-blended
because the relationships among the retrieved search results
are ignored [11]. This strategy may suffice in simple lookup
searches; however, it is inadequate to support complex
information exploration and discovery tasks [15]. Users
often have difficulty in the expression of their information
needs [15]. Such tasks require synthesized and topically
diverse search results [22]. It challenges the traditional
display of vertical search results in disjoint sets [11]. In the
advanced search system, a user usually initiates a query
(Figure 1(a)). In response to the user query, search result
verticals are retrieved and aggregated (Figure 1(b)). The
search results are then synthesized into various coherent top-
ics (Figure 1(c)). The synthesized form refers to multimedia
documents, document groups, and snippets. The subsequent
sections explain the search results synthesis in detail.

B. DATA-MODEL
The dataset and data model is based on the instantiation of the
approach presented in literature [3]. Two well-known search
results data models are employed, categorized into linear
and non-linear. The former to organize search results, often
in a ranked list (Figure 1(b)). The traditional commercial

4http://www.baidu.com/
5https://yandex.com/

search engines, such as Google, Yahoo!, Bing, etc., are based
on linear data models. The latter usually includes mash-like
graphs (Figure 1(d)). The non-linear data models are mainly
employed in advanced semantics-based exploratory search
engines [52]. We employed a combination of the linear
and non-linear data models to compare each data model’s
efficiency in existing state-of-the-art approaches. The linear
and non-linear data models are instantiated dynamically on
a real dataset retrieved from the Google (baseline) search
engine. The meta-information associated with each search
result includes title, date, URL, and description (snippet).
This setup ensured the accurate and unbiased retrieval of the
search results on the baseline and the instantiated discovery
search system.

C. SEARCH RESULTS ORGANIZATION
The linear data model reorganizes the disjoint image, news,
web, and video search result lists by text semantics mining
and ranks the search result according to the semantic
similarity to the given user query. As a result, instead of
retrieval of a single type of content, multiple types of content
are retrieved if they are semantically similar. Traversal of
linearly organized information is a non-trivial task. Hence,
the information is conceptually organized in the form of
multimedia documents and groups [3]. The multimedia
documents are created by performing clustering on the
semantics extracted from the search results to aggregate
semantically similar search results on a particular topic.
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FIGURE 2. (Top) discovery SUI with (bottom) conceptual data-model. (a) Filtration, (b) Query formulation, (c) Search results browsing, and (d) Overview
panel, with (e) underlying conceptual data model, and (f) associated contents.

Likewise, multimedia documents are clustered to aggregate
broader topic categories, called multimedia document groups
(Figure 1(c)). Each multimedia document and group is
summarized and labeled using the summary of the content
present inside. It may instantiate a complex non-linear graph
to aid topical and categorical traversal within a search results
space (Figure 1(d)).

D. SEARCH USER INTERFACES
The SUIs should primitively support overview, browsing,
and filtration of results (Figure 2(c)). In a conventional
discovery search interaction, a user initially gains an
overview of the search space and browse the contents in
a non-linear manner. This allows the user to narrow-down
the information of interest, and subsequently, may issue

well-articulated filters to obtain the desired information.
To support three distinct types of information presentation
and visualization scenarios, first, the discovery SUI present
categorically organized multimedia documents (Figure 2) to
provide a quick overview of the search results space. The
second SUI for information exploration provide browsing
and exploration of conceptually similar aggregated search
results in multimedia documents (Figure 3(top)). The third
is the lookup SUI that presents precise search results in a
traditional linear list, instantiated via a linear data model
(Figure 3(bottom)). All SUIs include standard interaction
panels; filtration (by views, date, keywords, and location)
panel (Figure 2(a)), query formulation panel (Figure 2(b)),
search results browsing panel (Figure 2(c)) and overview
panel (Figure 2(d)). The conceptualization of the information
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presentation using data-model is presented (Figure 2(e)).
The detailed non-linear browsing mechanism supported
by underlying complex non-linear graph is also presented
(Figure 2(f)). These multiple conceptualizations of the search
results are necessary to enhance user cognitive abilities [14].

Furthermore, we established standard coloring in the
filtration panel to minimize user efforts in learning the system
and maximize user experience [53]. Throughout the system
usage, the multimedia document groups were represented
by the orange color, the pink color represented multimedia
documents, and the traditionally used blue color represented
the snippets. These SUIs were instantiated on a non-linear
data model to support non-linear information exploration [3].
The links between different content types represent con-
tainment relationships (e.g., a multimedia document is part
of a multimedia document group). The links among the
same content type represent high betweenness similarity.
The non-linear links facilitate search results’ traversal using
topical or similar browsing mode. Moreover, a user can
dynamically change the organization via the search results
view in the filtration panel. The baseline SUI includes the
Google search results page.

V. METHOD
The method discusses the proposed study design, users’
detailed background information, evaluation environment,
and apparatuses. Furthermore, the evaluation procedure,
including evaluation sequence, study tasks design, and
evaluating instruments, is explained.

A. STUDY DESIGN
We performed the usability analysis based on the
between-subjects study design. The reason for choosing this
study design is twofold. First, this study design allowed us
to comprehend the user behavior in advanced approaches
and existing search engines disjointly. In the between-
subjects study, a user can only use one system throughout
the experiment session. Since exploratory and discovery
search tasks impose high anxiety and low confidence on
the users [20], we made an effort to foster the same
environment by using the between-subjects study design.
Since users can gain confidence after completing a task, they
were limited to completing a task only on one system to
maintain the credibility of the results. Therefore, a between-
subjects study ensures that no prior biases of the users affect
the experimental results. Secondly, exploratory experiment
sessions are long in duration. A typical session lasts between
30 to 45 minutes. The between-subjects design hence situates
less burden on the users.

B. USERS
According to the previous research, a minimum sample size
of 5 is required to uncover 80% of the usability issues [54],
[55]. A sample size of 12 is required to obtain statistically
significant results to cover and analyze the performance
metrics and success rate [54], [55]. Recent usability studies

TABLE 1. Users demographic background.

employ between 9 to 24 number of users [11], [56], [57].
We recruited a total of 44 participants in the evaluation
process. The participants were invited from all around the
world via social media advertisements. Only the participants
fulfilling the experiment criteria, including access to a
computer and the ability to experiment in a calm environment,
were recruited without age, education, or professional
limits. Afterward, the participants were divided into groups
and further categorized as professional (working), student
(studying), and domestic (homeworker) users. The users
contain 26 males and 18 females with an average age of
31 years (SD=12.11). 32%−41% of the participants were
students, 41%−54% were the professionals, and 14%−18%
were the domestic participants. All consented to be part of
this evaluation, and they did not receive any compensation
for their participation. The users were further distributed into
two groups. The first group was assigned the baseline system,
and the second group was given the proposed system. Table 1
shows overall demographic statistics of the participants.

C. APPARATUS
We deployed our tool on an Intel(R) Core(TM) i5-9400F
CPU @ 2.90 GHz equipped workstation having 16 GB
RAM, 250 GB Samsung Evo SSD, and 64-bit Linux
operating system. Theworkstation also incorporatedGeForce
RTX 2060 GPU. The workstation was connected to a
19’’ widescreen LCD monitor having a resolution of
1366 x 786 pixels. The interaction with our tool was provided
using the Mozilla Firefox web browser, a standard QWERTY
layout keyboard, and an office mouse, delivered in a calm
office-like environment. For the participants residing in
remote locations, access to this workstation was provided via
remote desktop software such as Teamviwer6 and Anydesk.7

The participants were interviewed before the experimentation
process. The objective was to ensure the complete integrity of
the apparatus used in this research.

D. PROCEDURE
In the beginning, a demographic questionnaire was collected
from the participants. A 5-minute demonstration of the
experimental procedure was given to the participants. Subse-
quently, the participants were asked to select a least familiar
discovery search task incorporating lookup and exploratory
activity and complete a pre-task performing questionnaire to
measure their interest in the task, perceived task difficulty,

6https://www.teamviewer.com/
7https://anydesk.com/
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FIGURE 3. (Top) exploratory and (bottom) lookup SUI with (a) Filtration, (b) Query formulation, (c) Search results browsing, and (d) Overview panel.

and present knowledge. Then the users were given either a
baseline search system or an advanced exploratory search
system. The Google search engine was used as a baseline
because of the web users’ first preference [16]. In the case
of the advanced exploratory search system, we used the same
presented in Section IV to evaluate the users. Afterward, the
users were given free time to explore their chosen search
task; however, the software imposed an internal timer of
15 minutes for completing a search task to ensure consistency
in the results. The users were not informed about this
task completion time limit to imitate their realistic search

behavior and eliminate emotional factors (stress, urgency,
panic, etc.) affecting the results. Afterward, participants
were presented with post-task performing questionnaires to
measure qualitative parameters such as searching efforts,
cognitive gain, system usability, and satisfaction. The proce-
dure was recorded using a freely available screen and mouse
recording software for detailed behavioral analysis.

E. TASKS
Previous literature has shown a lack of appropriate user
behavioral analysis on ‘‘report like’’ exploratory and
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discovery search tasks such as locating all the information
on some topic given with open-ended conditions, despite
these being commonplace in practice [38]. We designed three
discovery search tasks based on the pattern suggested in
the literature [38]. These tasks were designed to incorporate
lookup and exploratory information seeking. Throughout
the evaluation procedure, the user had to select one of the
following tasks based on their slightest prior familiarity with
it to ensure the user’s natural exploratory behavior without
previous knowledge biases affecting the process. The tasks
are as follows.
• Task-1: BMW is an automobile company. Explore the
information about BMW, including when BMW was
established and where it is located, the current affairs,
and recent advancements of BMW.

• Task-2: Piano is a musical instrument. Explore the
information about Pianos, such as when and who
invented the Piano and recent trends and advancements
in Piano.

• Task-3: NASA is an independent agency of America.
Explore the information about NASA, such as when
NASA was established, its abbreviation, and recent
trends and advancements in NASA.

F. INSTRUMENTS
To measure the cognitive user state, including task difficulty,
knowledge acquisition, user interest, and search experience
satisfaction before and after task completion, we used a
5-points Likert scale from the research study [13]. Sys-
tem satisfaction was measured using the standard After
Scenario Questionnaire (ASQ) [58]. For the demographic
purpose, we used the literacy scale from a previously
presented study [59]. User behavior is recorded using
a free screen recorder software and behavioral tracking
JavaScript software. The browser cookies were cleared
for each participant, and countries’ internet proxies were
employed to eliminate the underlying bias of search results
retrieved concerning the past browsing history and location
(if present).

VI. RESULTS
This section briefly discusses the obtained evaluation results
and statistically analyzes their significance. Based on the
statistical significance, we unveil the outcome of each
observed hypothesis.

A. SEARCH TASKS COMPLEXITY
The discovery search tasks are complex since they incor-
porate exploratory and lookup activities. We measured the
complexity using the ASQ. The ASQ consists of three
questions asked at the end of the experiment from the users.
These include user satisfaction with the system supporting
the users with the information, the amount of time taken
to complete the task, and search scenario satisfaction after
finishing the search task. The higher scores denote less
task difficulty perceived, and the lower scores denote higher

task difficulty perceived. The users on the advanced search
system (Group-I) could perform complex search tasks with
significantly less difficulty (on average 94.42% ASQ score).
Alternatively, the users on the baseline system (Group-II)
weremoderately challenged (on average 49.63%ASQ score).
Therefore, users felt 44.75% less complex search task
complexity on the advanced discovery search system. Hence,
we confirm (H1, α ≤.01).

B. USERS COGNITIVE STATE
We measured the users’ prior web search skills, computer lit-
eracy (e.g., ability to use computers), and digital literacy (e.g.,
ability to use digital technologies) using the self-assessment
computing skills questionnaire given in literature [59].
Overall, most participants had ‘‘Good’’ web search skills and
digital and computer literacy. Users were primarily confident
in their web search skills on the baseline system compared to
the advanced search system. This user behavior confirms the
study presented in [60], indicating that the first time using a
system can be difficult for the users.

Similarly, we measured the user knowledge, interest, and
perceived difficulty before and after performing the search
task using the scale adopted from the study [13]. We also
measured the user search task completion satisfaction and
calculated the p-value against each reading using a 2-tailed
t-test, displayed in table 3. On average, the participants felt
1.6% more complex search task completion difficulty in the
linear organization of the information. Hence, we accept
(H2, α ≤.01). On average, participants were 43.7% more
satisfied after complex task completion on the fully-blended
aggregated than the partially blended aggregated approaches.
It leads to acceptance of (H3, α ≤.01). Similarly, participants
gained 32.2% more knowledge and perceived 1.6% less
difficulty with the advanced discovery search system despite
indicating low web searching and digital literacy skills before
performing the search tasks.

C. USERS SEARCH EFFORTS & QUERY STATISTICS
The more clicks and the number of issued queries translated
to more effort to explore the search results. The increased
query length denotes that users need to specify detailed
information to get the relevant results. On average, the users
of the advanced search system issued 31.9% fewer queries
with 64% fewer keywords to look up, explore, and discover
relevant information. Similarly, an enormous difference was
noted in the discovery of visual search results. The users,
on average, found the relevant visual content with ten times
less click effort on the advanced search system. The users
discovered textual content with 63.9% less click effort on
the advanced search system for textual content. This leads
to acceptance of (H4, Knowledge Acquisition α ≤.01, Query
Length α ≤.05, Query # α ≤.05). Likewise, the search efforts
were found to be overall three times less on the advanced
search system (p ≤.05) except for the visual results (p ≤.4).
Hence, we weakly accept (H7).
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TABLE 2. Users skill background for (I) Proposed system and (II) Baseline System.

TABLE 3. Participants cognitive state before and after performing the
search task on (I) Proposed system, and (II) Baseline system.

TABLE 4. Users search efforts statistics testing based on average number
of clicks issued.

D. INFORMATION ORGANIZATION & MANAGEMENT
Discovery search tasks are complex and require the exploita-
tion of multiple information organizations and presentations.
This aspect is tested statistically using a chi-square test
based on the navigation pattern of the users. According to
the chi-square analysis (table 5), there exists statistically
significant strong association between the discovery search
tasks and exploitation of multiple information organiza-
tions, such as multimedia document, document groups and
visualization (χ2(2, N = 22) = 5.867, p =.05, Cramer’s
V =.516). However, there exists statistically insignificant
and no association between the discovery search tasks and
disjoint presentation of the information, e.g. video, news,
image and web verticals (χ2(2, N = 22) = 7.961, p =.99,
Cramer’s V =.025). It can be due to the linear presentation
of search results in web search engines, causing information
space disorientation for the user [61]. As a result, the
experimentation results could not find significant patterns of
browsing in linearly ranked verticals-based search engines
such as Google. Hence, we weakly accept (H5).

TABLE 5. Validation of discovery search tasks exploitation in (Group-I)
multiple information organizations and (Group-II) multiple presentations.

TABLE 6. The UES scores for (Group-I) advanced search system and
(Group-II) baseline system.

E. SEARCH USER INTERFACES
The effects of SUIs are measured using quantitative and
qualitative measures. The quantitative measures include
measuring user engagement using the new and improved
short form of the User Engagement Scale (UES-SF).
Similarly, User interest is measured using the scale given
in literature [13]. The qualitative measures include the
empirical results calculated via user behavioral interaction
with the system. It includes the number of contents browsed,
clicked, and time spent in information exploration. The higher
quantitative and qualitative results denote the capability of
SUIs to engage the user in the task at hand cognitively.

Overall, on average, users were 29.6% more engaged
(p ≤.01), 29.7% more interested (p ≤.01) on the advanced
search system. They explored 94.38% more visual (p ≤.05),
313.6% more textual (p ≤.05) contents and spent 40.23%
longer time (p ≤.05) on the advanced search system. The
obtained UES results are summarized in table 6. Hence,
we accept (H6, α ≤.05).

VII. FINDINGS & DISCUSSION
This section provides deep insights into the obtained
hypothetical outcomes and explains qualitative users’ expe-
riences. The insights provided in this section also contribute
toward establishing a standard guideline for future search
engines.
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TABLE 7. The qualitative content exploration and time spent on the task
scores for (Group-I) advanced search system and (Group-II) baseline
system.

FIGURE 4. Holistic comparison of users cognitive states in proposed and
baseline system.

A. TRADITIONAL SEARCH ENGINES INHIBITION
At present, the search engines are the sole gateways to
access the information on the web, and a significant number
of web users prefer Google search engine [62], [63]. Our
demographic collection recorded the users’ preferred search
source on the web. All chose Google as their primary source
for media-specific search results in ranked disjoint verticals.
This approach is best optimized for lookup searches that
incorporate clearly defined search criteria. However, for
exploratory and discovery search tasks, the search criteria
are vague and require topical browsing of the search results
(Figure 4). In such search tasks, the main objective is
to synthesize the information and gain knowledge. Our
finding confirms the exploratory study conducted by the
authors in [45], indicating that users explore information
with fewer efforts when visual cues along with textual
content are synthesized. The users spent extra effort on
the baseline system in synthesizing the information from
various disjoint verticals; as a result, users considered the
traditional lookup search engines difficult (H1) and less
satisfactory in performing the complex search tasks (H3).
Consequently, the overall perceived task difficulty is higher in
the existing search engine (H2). It adds to the significance of
the previous study reported in literature [64], indicating that
existing search engines are inadequate to foster exploration
and discovery of multimedia information.

B. RE-ENGINEERING INFORMATION
The disjoint placement of the multimedia search results
induces information disorientation in the users during topical

FIGURE 5. Holistic comparison of users searching effort in proposed and
baseline system.

FIGURE 6. Holistic comparison of UES and ASQ scale in proposed and
baseline system.

exploratory searches. For instance, a topic like ‘‘NASA
Moon Landing’’ may contain news, video, and image
search results. These dispersed search results require manual
assembling efforts andmakes efficient knowledge acquisition
challenging. As a result, users issue more queries and clicks
to obtain relevant search results (Figure 5). Users acquire
32% less knowledge with extra assembling efforts (H4).
Hence, providing aggregated access at various granularity
levels is the most effective method in exploratory and
discovery-oriented search tasks (H5). It also confirms a pre-
vious study in [65], concluding that categorical organization
of the search results helps exploration and discovery of the
results without necessarily adding more SUI complexity than
standard Google-like interfaces.

C. SUI IMPLICATIONS
The SUI is the most neglected aspect of the information
exploration and discovery search systems. An aesthetically
pleasing SUI is a primitive aspect of human-centered system
design (Figure 6). A cognitively incompatible SUI leads to
lower user engagement and limits the exploration of the
information. As a result, the previous exploratory search
systems achieve at most the ‘‘B’’ grade in overall usability
results [11], [30]. A consistent and aesthetically pleasing
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TABLE 8. Users perceived search tasks complexity using (ASQ) scores.

TABLE 9. Summary of studied variables, parameters, hypotheses, result and statistical significance.

SUI increases the users focused attention, perceived usability,
reward, and exploratory activities (H5 & H6). However,
an aesthetically pleasing user interface must be accompanied
by a practical layout of information presentation.

The grid layout can accumulate multiple types of infor-
mation effectively. As evident from (Figure 2 and Figure 3),
each textual information is endorsed by visual information in
a grid, therefore enhances users’ comprehensive. It allows a
user to rapidly deduce the relevancy of required information
without explicitly clicking on the source, which reduces the
search efforts (Table 4). Therefore the grid layout should be
preferred when rendering multimedia information to enhance
the information overview. The linear layout is more suitable
for detailed information scrutiny. Therefore, adopting an
effective information presentation style according to the task
goal eases information exploration and leads to lower search
efforts (H7).

D. FREE-FORM COMMENTS
At the end of the evaluation session, the users were allowed
to provide free-form comments to express their feedback.
On the positive side, based on the obtained comments for
the advanced search system,most users preferred themultiple
visualizations of the search results (e.g., multimedia snippets,
documents, and document groups) and find semantically
aggregated search results space comparatively easier to
comprehend and explore. Similarly, the users stated that the
appealing SUI and increased visibility of all the possible
filtration options on the screen added to a pleasant search
experience. Users find the traditional linear lists simple to use
in the baseline system.

As a negative aspect, users of the baseline system find
that the linearly ranked search results list excessively narrows

the topic in the displayed information. Due to the invisibility
of complete filtration controls in traditional web search
engines, users repeatedly reformulated queries to get diverse
results. For the advanced search system, the only reported
drawback indicated by the users was increased time required
to effectively use the complex system due to lack of prior
familiarity. These general observations provided by the users
further support the observed hypothesis and confirms the
inadequacy of existing traditional web search engines to meet
the user’s multifaceted information needs [3], [30], [52].

Prospective search engines can incorporate multiple data
visualization and views to enhance user cognitive abilities
and maximize the controlling interaction points (such as
filtration options, visually aiding material, and consistent
coloring conventions) in the SUI. According to the users’
feedback, most of the users were attracted to the look and feel
of the advanced search system; however, we believe that the
users implicitly learned the consistent coloring convention,
which added symmetry to their learning and enhanced the
overall user experience [53]. Therefore, considering these
minor visual cues while designing the SUI can enhance users’
experience and system learn-ability.

E. USER CATEGORICAL BEHAVIOR
Most of the previous research performed usability analysis
without user categorization and presented the results as
a single unit [14]. A few of the most recent studies
categorized the users into general groups, such as employees,
undergrad and graduate students, and homemakers [11], [30],
[66]. Therefore, we performed the user categorization to
further measure the quality of user interaction by the three
major holistic user categories (e.g., professionals, students,
and homemakers) without creating excessive experimental
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FIGURE 7. Categorized information seeking behavior of the participants
using time usage.

complexity and providing group-wise insights about the
results obtained [49]. All the achieved results between the
different categories of the users (e.g., professionals, students,
and homemakers) demonstrated almost similar outcomes.
The only exception was the student users. The students felt
a slight increase in the post-task difficulty. It can be due to
behavioral characteristics of the students, such as willingness
to trade results quality for effort, time spent in searching, and
natural tendency to face difficulties in locating information
and resources [67].

Another interesting finding was observed in the holistic
information-seeking behavior of the participants in terms
of usage time (Figure 7). The professionals, students,
and domestic participants spent most on the discovery,
exploratory, and lookup interfaces, respectively. It indicates
that professionals’ information needs are creative, requiring
the discovery of new information and gaining a quick
overview of the information. The students demonstrated a
preference for the topical exploration of the information. The
domestic users mainly were females. As a result, they utilized
the most traditional (linear lookup list) means of searching.
This domestic behavior confirms a previous study that
indicated risk-averse behavior of the female user group [68].

VIII. CONCLUSION & FUTURE WORK
This research briefly studied the exploratory and discovery
search characteristics and their influences on the users in
an actual scenario using a real-dataset on the existing state-
of-the-art (Google) search engine. We recruited 44 partic-
ipants, mainly categorized as professionals, students, and
domestic/homemakers groups, divided into the between-
subjects design. Various user behavioral factors such as users’
cognitive state, including knowledge acquisition, interest,
system and task difficulty, and satisfaction were measured.
We confirmed previous studies indicating users’ increased
difficulty (H1, +44.75%) during information exploration
and discovery on traditional web search engines. The
widely criticized linear list organization of information also
showed a vital role in increasing user searching specifically
(H2, +1.6%) and decreased task completion satisfaction

(H3, −43.7%). In contrast, disjoint multimedia aggregated
information and non-linear information exploration data
model increased the user cognitive abilities, including
perceived knowledge (+32.2%), and allowed the users to gain
required information with 31.9% fewer queries issued 64%
short-typed queries (H4).

We also confirmed that the efficacy of the search engines
that supported the exploitation of multiple information
organization structures (H5) augmented with appealing
SUIs, and aggregated the relevant information semantically
(H6) reduced the search efforts up to three times (H7).
Therefore, users demand the exploitation of multimedia
aggregated information that can be browsed non-linearly
and explored in-depth when required. Hence, an exploratory
search engine should allow the exploitation of multiple
visualization views to stimulate the users’ cognitive abilities
and semantically aggregate relevant information to prevent
information disorientation. Overall, we confirmed the inad-
equacy of the existing search engines in discovery search
scenarios qualitatively with statistical significance to serve as
a recommended guideline for future research.

This study mainly employed a between-subjects design to
ensure no previous trailing biases of the user affected the
evaluation process. However, it remains an open question to
empirically quantify the biases induced in a within-subjects
design and to what extent it affects the credibility of the
obtained results. Therefore, in the future, we look forward
to investigating the effects of between-subjects and within-
subjects design in discovery search scenarios. We are also
interested in performing in-depth categorical information-
seeking behavior of the users based on extended holistic
taxonomic categories.
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