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ABSTRACT
The complex collaborative structure of Wikipedia has attracted
researchers from various domains, such as social networks, human-
computer interaction, and collective intelligence. Yet, a few focus on
the readers’ perception of Wikipedia. Readers make up the majority
of Wikipedia users (editors/readers), and being on the consumption
side, readers play a crucial role in its sustenance. The attention
patterns of users while reading an article can reveal users’ interest
distribution as well as content quality of the article. In this paper,
we present an Attention Feedback (AF) approach for Wikipedia
readers. The fundamental idea of the proposed approach comprises
the implicit capture of gaze-based feedback of Wikipedia readers us-
ing a commodity gaze tracker. The developed AF mechanism aims
at overcoming the main limitation of the currently used “pageview"
and “survey" based feedback approaches, i.e., data inaccuracy. More-
over, the incorporation of a single-camera image processing-based
gaze tracker makes the overall system cost-e�cient and portable.
The proposed approach can be extended to enable the research
community to analyze various online portals as well as o�ine doc-
uments from the readers’ perspective.

CCS CONCEPTS
• Human-centered computing ! Wikis; Collaborative and
social computing; Collaborative and social computing sys-
tems and tools;
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1 INTRODUCTION
Wikipedia is a collaboratively developed online encyclopedia. It has
been consistently ranked in the top �fteen most-visited websites
as per Alexa ranking1. Based on the actions performed, Wikipedia
users can be broadly divided into producers (editors, moderators)
and consumers (readers). Over the last years, research has exten-
sively investigated the group of producers while another group of
Wikipedia users, the readers, their preferences, and their behavior
have not been much studied.

Online participation research has often characterized Internet
readers as non-contributors, who bene�t from others’ contribu-
tions but who contribute little themselves [31]. In general, non-
contributing readers constitute 90% or more of any given discussion
forum, online community, or social website [25]; a 2011 Readership
Survey showed that the number for Wikipedia was 94%. Although
often called a “participation inequality", such statistics indicate that
reading constitutes the norm, whereas contribution is the anomaly
(albeit a necessary one). A few pieces of research highlight the
importance of readers in the Wikipedia community. The study by
Antin et al. [6] claims that reading can be seen as a form of partici-
pation and is, therefore, valuable. Reading a Wikipedia article can
be considered legitimate peripheral involvement through which
individuals gain knowledge and move towards more active par-
ticipation. The fact that a user reads an article and not edit, is a
good indication of its quality, such as its reliability [3]. Lehmann
et al. [23] also emphasize the importance of reading behavior anal-
yses to characterize users’ reading preferences for portal content
development.

The primary reason for the lack of research focused on readers
is the limited availability of suitable techniques to capture readers’
attention feedback. The current popular techniques are pageviews
and Surveys. Pageviews depict the total number of visits to an
article during a given period, but it has several disadvantages. Firstly,
the statistics do not quantify the number of unique readers, and
secondly, it does not consider the time duration a reader has spent
reading the article. Another widely used method is surveying the
readers. Nevertheless, it also su�ers from drawbacks in terms of
survey process scalability and accuracy of information provided
by participants. The Wikimedia Foundation has also emphasized
that pageviews and surveys are not e�cient measures to identify
readers’ perception of an article [49]. One more technique was
presented by Barifah et al. [8]. They used log �les as a means to

1https://www.alexa.com/topsites
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uncover information about users and their behavior when searching
for information. This study excluded �ne-grained analysis due to
lack of details of users’ navigation patterns.

This paper proposes a novel framework to capture the Attention
Feedback (AF) of Wikipedia readers. The proposed method records
the implicit gaze pattern of a reader and extracts the visual feedback
features. In past research, it has been well established that our
eye movement is closely related to human cognition [4]. There
is evidence in reading psychology literature that eye movement
patterns during reading are indeed related to the textual features
of the document [41]. Ajanki et al. [5] claim that when a system
does not have any prior information regarding what the user wants
to search, the eye movements help signi�cantly in the search. It
is the case in a proactive search, for instance, where the system
monitors the reading behavior of the reader in a new document. Xu
et al. [55] talk about the relevance between the human text reading
pattern and their current cognitive process. The relation between
eye gaze pattern and human interest has been vastly utilized in
various �elds [20].

The previous studies performed to capture users’ gaze for on-
line portals utilize dedicated eye trackers like Tobii [33]. The dedi-
cated eye trackers are pretty expensive (hundreds of dollars) and
mostly invasive in nature2. Additionally, these trackers are rarely
available at users’ sites. We propose to use a lightweight desk-
mounted/laptop camera along with a publicly available image pro-
cessing based eye tracker to capture readers’ attention patterns. We
embed the eye tracker and the analysis methods in a web applica-
tion called “WikiRead". Usage of commodity eye-tracking solution
and web application makes it user-friendly and portable. It also
enables the collection of a large dataset of Wikipedia readers’ AF.
This dataset can open doors for the analysis of Wikipedia from a
novel perspective.

The rest of the paper is structured as follows: Section 2 de-
scribes the necessary background and related works to the pro-
posed method. Section 3 provides an overview of the proposed AF
framework. In Section 4, we describe the procedure to perform
attention pattern analysis. In Section 5, we discuss the system setup
and the experiments performed to evaluate the proposed technique
from various perspectives. In Section 6, we provide a discussion on
the limitations and possible future directions. Section 7 concludes
the work.

2 BACKGROUND & RELATED WORK
Eye gaze tracking is the process of estimating the direction of
the sight line and the point of regard. There have been several
advances in eye-tracking technology. Based on physical contact
requirement with the eye tracker, the research in this �eld can be
classi�ed into two types; invasive eye trackers and non-invasive
eye trackers. Invasive eye trackers require physical contact with
the users. The most prevalent invasive trackers are Tobii, EyeLink,
SMI2, Mirametrix4, and EyeTech3. They provide higher accuracy as
compared to non-invasive eye trackers, but they are pretty expen-
sive. The non-invasive eye trackers mainly work using computer

2Some dedicated gaze trackers like EyeLink 1000 provide non-invasive solutions
but they also require high end camera and GPU processors. These requirements are
rarely available at users’ end

vision techniques and some lightweight camera(s). Therefore, they
do not require any physical contact with the user. Some recent
researches include Searchgazer, xLabs Gaze Tracking, GazePointer,
Ogama, OpenEyes, PyGaze, OpenGazer, TurkerGaze. The details of
these non-invasive eye trackers can be referred to in [56]. We use
GazeFlowAPI3 as a gaze tracking solution due to it’s e�ciency and
suitability for the current task.

Our eyes show a characteristic behavior composed of a series
of �xations and saccades [13]. Fixation is a duration for which
the eye is steadily gazing at one point or a collection of proximal
points. On average, it is of a time interval of 200-250 ms. A saccade
is a rapid eye movement from one �xation to the next one. The
time-lined distribution of saccades and �xations re�ects signi�cant
characteristics of the user’s reading behavior and the object being
gazed. Henny et al. [4] mentioned that eye gaze is a prominent
nonverbal signal compared to pointing, body posture, and other
behaviors.

We draw themotivation to use eye gaze as the medium to capture
users’ attention feedback, from the massive backing of literature
on the relationship between eye gaze pattern and human interest
[20]. Employment of eye movement data in an educational con-
text has o�ered insight into how to model gaze to extract human
attention patterns. The most noteworthy are the eye movement
modeling examples (EMMEs), in which Jarodzka et al. used visual
feedback to speci�cally in�uence gaze actions in order to enhance
subjects’ perception performance of medical records [17] and a
biological classi�cation task [18, 19]. Eye movement data of experts
was visualized in [17] by blurring areas they did not look at, i.e.,
non-relevant details. Experts’ gaze was visualized as yellow circles
on a stimulus picture for [18]. The model example in both studies
included gaze data post hoc. Orlov and Bednarik’s open-source
program ScreenMasker [34] created a �exible framework that vi-
sualizes gaze actions. Their gaze-contingent system overlays the
on-screen stimulus with a pattern mask. It subtracts the pattern
or unmasks, where the subject is looking in real-time, using gaze
coordinates from the eye tracker. An NVIDIA graphics card with
the CUDA architecture was used for this system [34]. Later, [35]
proposed a platform integrated with a publicly available eye gaze
analysis tool. The multiple plugins integrated o�ered an experi-
mental center and a real-time gaze feedback option. Their system
was tested and capable of running on a standard computer, but the
visual search tasks were performed on images.

In this work, we design a real-time gaze-based attention feedback
framework that identi�es salience areas in mixed media Wikipedia
articles (text, images). Wikipedia is a crowd-sourced and openly
investigable source of information. As a result, ever-growing re-
search interest has been shown to investigate various aspects of
Wikipedia, and di�erent metrics have been proposed for investiga-
tion purposes. The metrics include straightforward strategies like
word count [10] to the models trained using deep learning [12] to
evaluate various aspects of Wikipedia articles. Some other com-
monly used techniques to analyze Wikipedia articles are reference
evaluation [24], editors’ contribution [54], talk page evaluation [21],
etc. In this work, we propose to use implicit AF from readers of

3https://github.com/szydej/GazeFlowAPI
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Figure 1: Overall systemwork�ow to capture readers’ AF. In blockA, dataset collectionhappens corresponding to each reading session. BlockB
showcases the procedure to extract visual features. In block C, readers’ attention feedbacks are collected to derive composite article/Wikipedia
level features.

an article to analyze that article, using the concepts of collective
intelligence.

There have been few attempts in the past where readers’ input
has been used to analyze crowd-sourced web portals. We focus on
the crowd-sourced portals because we aim to utilize the knowledge
and participation of crowd (users/editors) for portal analysis. In a
Wikipedia-based research [40], readers’ navigation behavior was
analyzed to quantify the importance of references in Wikipedia.
Stackover�ow is a successful crowd-sourced QnA portal. There
have been some studies on Stackover�ow, which require readers’
involvement. In one such study, Peterson et al. [39] proposed a
gaze-based exploratory study on readers’ information-seeking be-
havior, esp. developers on Stackover�ow. Gaze-based input from
readers has also been utilized to identify the importance of citations
in Stackover�ow posts [40]. Linden et al. [50] performed a detailed
study to investigate readers’ behavior in selecting answers in a
thread (QnA post). GitHub is another web portal that supports the
collaborative e�ort. It is a widely-used software development plat-
form that provides features of version control and project hosting.
There have been attempts on Github also, which involves input
from users. In [16], authors predicted student learning outcomes
from a survey of students and teachers while using GitHub in the
classroom. In [51], a survey was conducted on GitHub to get a
sense of how participants assess and value team composition and
diversity.

The Article Feedback Tool (AFT)4 was a Wikimedia survey for
article feedback to engage readers in the assessment of article qual-
ity. It su�ered from a lack of participation and noisy data. Similarly,
the other commonly used approach of pageviews [11] also su�ers
from data insu�ciency since pageviews only provide a count of
visits for an article. To the best of our knowledge, the current work
presents a novel approach to capture readers’ implicit feedback

4https://en.wikipedia.org/wiki/Wikipedia:Article_Feedback_Tool

for Wikipedia articles using a low-cost and e�ective gaze-based
solution.

3 SYSTEM OVERVIEW
The generic overview of the proposed system is presented in Fig 1.
The �rst step in the working of the AF system is the calibration of
the eye tracker. Subsequently, a user performs reading action while
the application captures visual attention pattern-related features.
The key part of the overall architecture constitutes the implicit
user feedback capturing process. For that purpose, a low-cost and
lightweight gaze-tracking framework has been designed. It involves
the usage of a single-camera image processing-based gaze-tracker
and a dynamic interface for e�ciently capturing gaze-related infor-
mation at sentence level. We use GazeFlowAPI5 as the eye-tracking
solution.

We embed the eye tracker in a web application, WikiRead
(https://wikianalysis.herokuapp.com/). We develop the application
using NodeJS framework in Javascript and HTML. The application
website is hosted using Heroku. Some screenshots of the web ap-
plication are presented in Fig.2. This web application’s primary
purpose is to simplify the process of capturing Wikipedia readers’
visual activity and analyze the AF-related features. On the main
screen of our website, we present the welcome page of Wikipedia
along with options to enter the title of the article user wishes to
read and buttons to start and stop the reading session. Once a user
clicks on the “Start" button, the system requests permission to share
the screen content and the camera access. Camera sharing is safe
for users because we do not store any images or videos of the
user’s face. It is required to perform eye-tracking. Once the sharing
permission is granted, the control goes to the calibration6 screen.
Users are asked to follow the on-screen instructions to successfully

5https://github.com/szydej/GazeFlowAPI
6Calibration details are mentioned in the experimentation section.
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Figure 2: Various screens of the web application, WikiRead. (a) The main screen with options to enter article name and start the reading
session. After which the control goes to calibration process. (b) Shows various calibration stages of the eye tracker. (c) Shows the article which
user wants to read while system performs gaze tracking in background.

complete system calibration. Post calibration, the interface opens
the article which the user wishes to read, and gaze tracking starts.
While reading, the user can freely click on any Wikilink present in
the article. Gaze data for the redirected articles are also stored ac-
cordingly. Users can �nish the reading session anytime by clicking
on the “Stop” button.

Following the gaze point trajectory estimation, a set of visual
features are extracted only for those regions of an article that the
user has observed. Then, a threshold-based feature selection pro-
cedure is applied for maintaining the most discriminative features.
Table 1 shows the set of features that we capture as part of AF.

During dataset collection, we also ask the participants to manu-
ally annotate the regions of an article as per their preference level.
Using the proposed framework, participants can manually select a
region and rate it on a scale of 0 to 10 (10 being the most preferred
region). This results in the generation of a set of automatic and
manual gaze features for the sentences that have been seen by the
user(s). We use MongoDB to store the dataset.

Finally, the visual AF features collected in various reading ses-
sions are grouped as per the article title. It enables the possibility
to evaluate article features using the concepts of collective intelli-
gence. The observed bene�ts of social heuristics trace back to 1907,
at least when Francis Galton experimented predicting the weight
of an ox [15]. He showed that average estimates of median and
mean were only 9 and 1 pounds, respectively, of the actual weight
of 1198 pounds. This experiment proves that aggregating the crowd
perspective can be helpful in cases where the size and diversity of
the crowd are large. Wikipedia also receives participation from a
vast and diverse crowd/users. The SOI AF (Sentences Of Interest

based Attention Feedback) dataset represents crowd perspective.
This knowledge can be e�ciently used to analyze Wikipedia from
a novel perspective.

4 ATTENTION PATTERN ANALYSIS
To capture readers’ attention pattern in an article, we track their
visual gaze features. These are valuable pieces of information and
can be used to infer the reader’s current cognitive processes [9].
Based on the gaze pattern, we extract text from the article. The
below-mentioned steps are followed in sequence to track eye gaze
and identify areas of interest in an article:

• Gaze tracking framework
• Attention feature selection

4.1 Gaze Tracking Framework
For each new user visiting the website (WikiRead), a randomly
generated unique 20 bit code is assigned for identi�cation. The sysId,
i.e., the Identi�cation code, is stored in the user’s browser storage,
and it can be deleted whenever the user deletes the storage for the
site. For each unique user, a sessionID is created whenever the user
starts the reading session. The sessionId is used to di�erentiate
between various reading sessions for a single user. The website
includes the EnglishWikipedia home page7, in a sub-frame. The top
header contains two buttons: Start and Stop and a search bar for the
article title. Using Wikipedia in a sub-frame resulted in a famous
web development problem called CORS8. This problem prohibits
accessing the action events information within the sub-frame. To

7https://en.wikipedia.org/wiki/Main_Page
8https://developer.mozilla.org/en-US/docs/Web/HTTP/CORS
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overcome this problem, we implemented a proxy server and routed
every GET request from theWikipedia website inside the sub-frame
through the proxy server. The proxy server makes a GET request
to Wikipedia, through MediaWiki API9, and gets Wikipedia web
page with headers. The proxy changes the headers of Wikipedia.org
related to CORS and adds our website in the header. Same-Origin-
Policy, the process displays the Wikipedia page in our website
domain’s sub-frame and avoids the CORS problem. However, the
GET request returns a plain web page without any styles, so we
apply styles explicitly to the web page every time the sub-frame
reloads.

As wementioned earlier, the sophisticated gaze-tracking systems
with increased accuracy are commercially available, e.g., Tobii1,
SMI2, EyeTech3, and Mirametrix4, to name the most representative
ones. However, a prohibitive factor for the extensive use of such
specialized equipment constitutes their signi�cantly high cost. To
satisfy the requirements of low-cost and availability, the proposed
AF system follows an image processing-based approach that uses a
single camera for performing gaze-tracking.

We use a non-invasive eye-tracking setup containing Logitech
Webcam C922 Pro Stream and open source eye-tracker applica-
tions, named GazeFlowAPI10. We select this eye-tracking solution
because, along with access to su�ciently accurate real-time gaze in-
formation, it also provides eye blink, and head position data. These
additional pieces of information are very crucial for the consoli-
dated evaluation of attention patterns.

In the case of non-invasive trackers (no physical contact), gaze
mapping deals with inherent noise and drift problems. While map-
ping a single �xation to a text location may be ambiguous, the
matching of groups of �xations to a chunk of objects (words/sentences)
can resolve this ambiguity [32]. In the proposed method, we per-
form gaze point mapping at the sentence level.

For further optimization purposes, we do not store the entire
reading session’s screen recording. Instead, we store only the re-
quired frames for further processing. A frame is the display screen
snapshot at any given time-stamp. We identify the frames by as-
sessing generic human reading behavior. The mean minimum time
to acquire the whole meaning of a word is 151 ms [42]. It has also
been shown that the majority of the sentences contain 11-15 words
[46]. Since the gaze feedback is performed at the sentence level,
we �nd the average time a reader takes to perceive the meaning of
a sentence. We calculate this by multiplying the data mentioned
above, i.e., 151 ⇤ 15ms. It results in approximately 3 seconds. There-
fore, we store a frame only if it is on-screen for more than 3 seconds.
We store only one instance of each frame.

4.2 Attention Feature Selection
In this work, the gaze features are de�ned considering only the
�xations since they contain more valuable information and less
noise than saccades. We adopt the Dispersion-Threshold Identi�-
cation (I-DT) method [53] for de�ning �xations. According to this
de�nition, a �xation is considered to occur if the gaze point remains
in a circular area of radius R pixels for a minimum of T ms. For the
employed gaze-tracker, the following (commonly used) values were

9https://www.mediawiki.org/wiki/API:Main_page
10https://github.com/szydej/GazeFlowAPI

selected based on experimentation: R = 25 pixels and T = 180 ms.
A �xation is denoted as Fi (xi ;�i ; ts ; te ), i 2 [1,N ], where N is the
total number of �xations. Point (xi ;�i ) corresponds to the center of
the aforementioned circular area. The values of ts , te are the start
and end time of the �xation, respectively, where te � ts > T . It is
to note that before the �xation identi�cation, the gaze trajectory is
low-passed for noise removal (estranged points). This is performed
by applying a simple mean �lter separately to the horizontal and
vertical gaze coordinate signals. The low pass �ltering is performed
according to the technique mentioned in [36].

To identify a reader’s regions of interest on a given frame, we
need to map their �xations on corresponding frames. On a frame,
we map all the �xations with time-stamps (ts and te ) within the
frame’s screen time. After appropriately sprinkling the �xations
on each frame, we plot heatmaps based on gaze-points density.
The heatmap depicts the time-series gaze density distribution on
a frame. Fig. 3 shows a sample frame with gaze points mapping
and the corresponding heatmap of gaze points density, post noise
removal process.

For each reading session, along with the gaze density heat map,
we also provide a set of sentences where a user-focused while
reading along with the time for which each sentence was focused.
By setting an appropriate threshold on the heatmap, we extract text
from each frame using the OCR tool [38]. The extracted sentences
might contain noise due to the characters’ misidenti�cation by the
OCR tool. After processing the sentences, we arrange them in the
order they are read along with their gaze quotient. By gaze quotient,
we mean the time duration (in seconds) for which a sentence is
being gazed at or read. It is calculated by �nding the total time
duration for which gaze points are mapped within the on-screen
span of the sentence’s spatial location.

GQ(s) = ts (j) � te (i) (1)

In equation 1, GQ(s) is the gaze quotient of sentence s . ts (j) is
the start time of the �rst �xation on the screen span of s and te (i)
the end time of the last �xation on the screen span of s . We call
the set of sentences along with their GQs as Sentences Of Interest
(SOI). A user is free to click on any Wikilink. Therefore an SOI can
contain sentences belonging to di�erent articles. Later, we arrange
the sentences in each SOI according to the article title.

Along with the features mentioned above, the proposed AF
framework also captures some additional information listed be-
low:

(1) Wikilink clicks: We store the time series value of Wikilink
[48] click data. It can be helpful to evaluate users’ navigation
path or information search patterns within Wikipedia.

(2) Eye blinks: We store the time series value of readers’ eye
blinks. The eye blink information has been proven to be
critical to assess the reader’s attention level [44].

(3) Scroll events: We store the time series value of the scroll
events being performed while reading. The scroll informa-
tion is a good indicator of browsing strategy [26]. The Gaze-
FlowAPI does not provide built-in support to track mouse
activity. Therefore, we externally added the scroll tracking
feature in the proposed AF system using PyQt5.QtWidgets
package of Python.
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(a) Mapping of gaze points on a frame.

(b) Heatmap based on gaze points density.

Figure 3: A sample gaze point distribution and gaze density heatmap on a frame after noise removal process.

Table 1 lists all the features stored in the dataset corresponding
to each reading session. All the mentioned features are crucial to
provide consolidated feedback from readers.

5 EXPERIMENT AND RESULTS
5.1 Experimental Setup
5.1.1 SystemComponents. Subject’s eyemovementswere recorded
using GazeFlowAPI and a Logitech Webcam C922 Pro Stream on
a VivoBook ASUSLaptop X430FN_S430FN with Intel(R) Core(TM)
i7-8565U CPU @ 1.80GHz, 1992 Mhz, 4 Cores, 8 Logical Processors,
and 8GB RAM.

5.1.2 Eye Tracking Setup. The gaze tracker sampled at 30 fps, and
the gaze angle was determined by the relative positions of corneal
and pupil centers. The video resolution of the laptop during the test
recording was 1280×720. Participants were seated 27 inches from
a 14-inch �at-panel monitor that displayed the stimuli. Eye data
were recorded using the proposed web application on the Google
chrome browser. The embedded eye gaze tracker supports head
movement. Therefore, we have not used any head/chin rest device
during dataset collection.

5.1.3 Calibration Validation. Before starting the reading session,
participants were instructed to watch a red dot move around the
screen. The computer screen is interpreted as a coordinate system,
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Table 1: AF features captured for each Wikipedia reading session
performed on the proposed AF framework.

AF Feature Description Data Type
SysID A unique system D for each user 20 bits
SessionID A unique session ID for each

reading session
20 bits

Article title Title of the article being read String
Gaze density
heatmap

Heatmap based on gaze points
density for each frame

Base64
encoded

SOI Sentences of interest along with
gaze quotient

List

Wikilink
clicks

Time-series value of clicks on
Wikilinks

List

Eye blinks Time-series value of eye blink List
Scroll events Time-series value of scrolls with

direction (up/down)
List

where the top left of the screen is (0, 0) and the bottom right of
the screen is (1, 1). The ball’s calibration movement was �xed at 16
positions in both bright and dark backgrounds sequentially with
the frontal head position. Along with this, three positions each to
positive and negative 45� yaw and pitch head positions. The head
pose variation during dataset collection makes the gaze tracker
robust to head pose variation during actual reading.

At each of the above points, the red dot paused and pulsed for
⇠2s. Post calibration, if the RMSE (Root Mean Square Error) value of
the actual and predicted gaze points is higher than the set threshold
(0.28), we ask the participant to repeat the calibration task before
starting the reading session.

5.1.4 Subjects. Seventy-two clinically normal volunteers partici-
pated in the dataset collection. The participants belong to di�erent
professional backgrounds, including engineering students, indus-
try professionals, doctors, and professors. The ethics committee
approved the study of our university. Subjects underwent informed
consent procedures approved by the university, and all subjects pro-
vided written and informed consent for participation in the study.
Prospective participant-observers were required to have normal or
corrected visual acuity. Participants were free to wear spectacles
during dataset collection11. The mean age of the participants was
29.7 ± 7.6 (range: 22-53). The sample was 38.5% female, and the rest
male.

5.2 Evaluation of Eye Tracking Solution
The performance of the eye tracker has a signi�cant impact on
the e�ciency of the overall AF approach. As a consequence, the
accuracy of the employed tracker is examined in this section. Table
2 brie�y outlines some of the approaches that have been evaluated
for measuring image processing-based gaze-trackers’ performance.
We select the gaze trackers based on their suitability for the aim
of this work i.e. a commodity gaze solution for mass readers. Lu
et al. [29] presented an adaptive linear regression based solution
for appearance-based gaze estimation. In another work, Lu et al.

11We took precautions regarding possible glares in the spectacles of the participants
during dataset collection

Table 2: Comparison of the adopted eye gaze tracker with other
state-of-the-art image processing based eye trackers

Eye Tracker Head Movement Blink Data Error
Lu et al. [29] restricted no 2.59±0.38
Lu et al. [28] restricted no 6.91±4.46
Papoutsaki et al. [37] restricted no 4.17
CVC [1] restricted yes 1.35±1.0
Wang et al. [52] free no 2.06
Liu et al. [27] free no 1.87±0.4
Adopted [2] free yes 1.23±1.2

[28] estimated 3D gaze directions using unlabeled eye images via
synthetic iris appearance �tting. Papoutsaki et al. [37] discussed
a web based gaze solution using regression analysis informed by
user interactions. Computer Vision Center (CVC) released an eye
tracking solution [1] which used usage of simple camera and im-
age processing technique but this solution does not support head
movements. Wang et al. [52] proposed a real-time 3D eye gaze
capture with DCNN-based iris and pupil segmentation. Finally, Liu
et al. [27] proposed a 3D model-based gaze tracking via iris features
with a single camera and a single light Source. The restriction on
light source makes this tracker less applicable in wild. The adopted
GazeFlow eye tracker [2] provides high accuracy and satis�es all
the requirements for this work. The comparison of GazeFlow with
SMI RED 250 can be found here12.

For producing directly comparable evaluation results, the per-
formance of the developed gaze-tracker was evaluated using the
experimental protocols described in the works of [22]. Most of the
works reported in Table 2 rely on the usage of static markers in
�xed positions for evaluating the gaze tracking performance. In this
way, the behavior of the gaze tracker is not adequately examined.
For that purpose, a signi�cantly more challenging and thoroughly
de�ned experiment is proposed with the following two key charac-
teristics: a) it can be easily reproduced b) it takes into account both
the spatial accuracy (�xations and sccades) and the temporal co-
herence (timestamp data for Wikilink clicks, eye blinks and mouse
scroll) of the tracker.

More speci�cally, a red dot was depicted on the screen perform-
ing the same trajectory as mentioned in the calibration process
(Section 5.1.3). The participants were asked to follow the center of
this red dot with their gaze. The tracker’s accuracy was de�ned
as the RMSE between the �xed points and their corresponding
estimations.

Twenty individuals participated in this experiment, each per-
forming the aforementioned task for all seven eye trackers. Regard-
ing the speci�cations of the de�ned experiment, the monitor plane
was vertically aligned, while the perpendicular vector originating
from the monitor’s center was maintained to approximately target
the nose of the user and to also be perpendicular to the user’s face
plane. Additionally, the camera was placed on top of the monitor
and at the center of the respective monitor’s side, with the user’s
nose to be set to correspond approximately to the center pixel of
the captured video sequence.

12https://www.slideshare.net/szymondeja3/raport-gaze-�ow-vs-smi26092013en-
1
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Table 3: ROUGE-N evaluation of the proposed sentence selection
technique with the manual sentence selection

Feature Average value
P 0.717
R 0.514

F-measure 0.656

Table 4: Statistics of the collected AF dataset

Feature value
Number of SOI_a 218
Average compression ratio of SOIs 15%
Average reading session duration 3.7 minutes

The comparative evaluation results given in Table 2 show that
the developed gaze-tracker outperforms most of the state-of-art
approaches and carries the additional advantage of head-movement
and eye blink data. It makes this eye tracker a suitable choice for
the proposed task of capturing implicit AF of readers.

At this point, it must be highlighted that the focus of this work
does not include the proposal of a new gaze-tracker, whose perfor-
mance needs to be accurately measured and to be superior com-
pared to other state-of-art methods. On the contrary, the aim of
this work is the proposal of a novel framework for interpreting the
gaze signal and subsequently utilizing this information for realizing
RF in the context of image retrieval, irrespective of the particular
gaze-tracker that is used.

5.3 Evaluation of AF system
Using the above-mentioned experimental setup with seventy-two
participants, we could conduct a total of 153 reading sessions. In
these reading sessions, 84 unique articles were visited (including
the article redirects using Wikilinks). We evaluate the performance
of the proposed method against the extractive summarization task
for the articles.

Precise identi�cation of the reading pattern is required for cap-
turing a reader’s attention feedback of an article. The proposed
approach identi�es the sentences of interest (SOI) for each read-
ing session and assembles them according to the article titles. To
evaluate the SOI selection technique’s quality, we partition all the
SOIs with respect to the article titles. We call the partitioned SOIs
as SOI_a. They contain sentences of a single article.

We verify the accuracy of the proposed sentence selection ap-
proach.We do so by comparing the ROUGE-N value of the sentences
selected by the proposed approach with the true value i.e. man-
ually selected sentences. To compare the manual and automated
summaries, we use a modi�ed version of ROUGE-N approach to
compare the accuracy of sentence selection. ROUGE-N is an n-
gram-based metric. It calculates the recall score (R), the precision
score (P), and the F-measure score (F) for the text. Let Sauto be the
set of sentences automatically selected by the proposed approach.
Let Sman be the set of sentences in the manual summary.

P ,
Count(common sentences in Sauto and Sman )

|Sman |
(2)

Figure 4: Distribution of users’ rating for SOI selection on the scale
of 0 to 5. The percentage value for 0 rating is 0% therefore it’s not
shown in the pie chart.

R ,
Count(common sentences in Sauto and Sman )

|Sauto |
(3)

F �measure ,
2PR
P + R

(4)

The ROUGE comparison results are shown in table 3. The high
value of f-measure, shows that there is high overlap between the
sentences selected automatically and the sentences readers manu-
ally selected while reading the article.

We collect SOI dataset for further research purposes. Table 4
shows the values of various parameters of the collected dataset of
SOIs. The count of SOIs per article indicates the number of SOIs
we are able to gather to evaluate each article. Higher the number
better will be precision for article analysis. The compression rate
is calculated by �nding the ratio between the number of bytes of
an SOI and the number of bytes of the corresponding article. The
average value of the compression rate for all the SOIs across articles
is 15%. It implies that on average, users read only 15% of the article
content. The average reading session duration is the total time a
user takes to read an article, followed by the time to analyze their
reading pattern. The timer starts with the calibration phase and
ends with the click on the “Stop" button. The average value of
completing all these tasks is only 3.7 minutes, which supports the
hypothesis that readers use Wikipedia as a quick reference tool
[47].

We analyze the e�ciency of the SOI identi�cation process using
two evaluation techniques. The �rst evaluation consists of survey-
ing all the participants and requesting them to rate their satisfaction
levels with SOIs. The second evaluation involves using a formal
metric (ROUGE-N), vastly used to assess text extraction procedures.

Satisfaction Survey. We gather users’ perspectives regarding
text extraction by conducting a survey. At the end of every reading
session during dataset collection, we display on the screen the
extracted SOI. We assess the user satisfaction level for SOI selection
by requesting them to rate the SOI based on its similarity with
the content they read in the article. The rating scale varies from
0 (low satisfaction) to 5 (high satisfaction). The source code along
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Table 5: Comparison with other extractive summarization models

Model R-L R-1 R-2
LEAD-5 19.24 9.67 3.43
LexRank 26.23 11.89 3.12
SumBasic 22.34 14.17 5.34
SemSenSum 30.11 15.16 4.11
C SKIP 30.16 32.38 4.25
Ours 30.92 37.61 6.26

with the survey form is available at our Github repository13. The
distribution of user ratings is plotted in Fig. 4. In this pie chart,
the legend shows the rating with the corresponding percentage of
rating. The 0 ratings are not shown in the �gure because it was
nil. We observe that 70% of the participants gave four or more
ratings for SOI selection. The high user satisfaction ratings show
the e�ciency of the proposed reading pattern analysis approach.

Comparison with other extractive deepmodels. We compare
the performance of the proposed approach with other extractive
models. We include LEAD-k [45], which selects the �rst k sentences
in the document as a summary. In this work, we have used LEAD-5
for comparison. LexRank [14] is a graph-based method, and it uses
nodes as text units, and edges de�ne the similarity measure. Sum-
Basic [30] is a frequency-based sentence selection method that uses
a component to re-weigh the word probabilities to minimize redun-
dancy. The last extractive baselines are the near state-of-the-art
models C SKIP [43] and SemSenSum [7]. The former exploits word
embeddings’ capability to leverage semantics, whereas the latter
aggregates sentence semantic relation graph and graph convolution
sentence embedding.

We select trained models and �ne-tune them for the Wikipedia
data dump14. This dump contains the current revision of all the
English Wikipedia articles as of February 20, 2021. It does not con-
tain talk or user pages. During �ne-tune, we use a learning rate
of 0.0001 with ten epochs. All models are �ne-tuned on Nvidia
GeForce GTX 1080 Ti GPU (60GB RAM, 12 GB dedicated graphic
card, and 200 GB Hard drive space). We run all models with their
best-reported parameters. Post-�ne-tuning the pre-trained mod-
els, we compare these models’ performance with our approach to
the collected dataset of automatic and manual summaries (along
with source articles for each summary). We consider three strong
reference-based evaluation metrics: ROUGE 1, 2 & L. We use the
recalls of ROUGE-1 (unigram), ROUGE-2 (bigram), and ROUGE-L
(LCS). We use the o�cial ROUGE script15 (version 1.5.5) to evaluate
the summarization output. In Table 5 we can see the comparison
result. Our approach performs better than these models for ROUGE
1 & 2 as well as ROUGE-L metrics. The reason for the better per-
formance of our approach for is that we are directly extracting
sentences based on the user’s reading pattern. Therefore, when we
compare the proposed system generated summary with the manual
summary, it results in high similarity.

13This is an anonymous repository with lesser details. Link to the principal reposi-
tory will be provided post-acceptance.

14https://dumps.wikimedia.org/enwiki/latest/enwiki-latest-pages-meta-
current.xml.bz2

15http://www.berouge.com/

6 LIMITATIONS & FUTURE DIRECTIONS
The goal of this work is to devise a technique to capture AF of
Wikipedia readers. However, during dataset collection, we observe
that some readers did not perform their natural reading. They claim
that the information of their gaze data being recorded impacts their
reading behavior. We counter this problem by keeping the reading
interface the same as the original portal and not disturbing reading
sessions with unnecessary popups of real-time feedback. As a result,
most participants reported that none of the feedback conditions
were distracting in any way. Therefore, the proposed gaze feedback
system appears to be unobtrusive yet e�ective.

Due to the novelty of the proposed approach, the doors of several
new future directions open. For example, we can investigate article
readability based on the readers’ cumulative reading pattern over
an article. We can also predict the popularity of an article based
on how readers refer to the article. We can potentially expand our
approach into a business analytics framework/artifact that shows
the analysis steps. It can also help Design Science researchers to
identify the user reference behavior on the portal and thus aid them
in designing the user interface. We are in talks with Wikimedia
Foundation to include our application as a Wikipedia extension so
that users can easily use it and researchers can obtain a vast AF
dataset.

It is to note that there still exists a strong potential for further
improving the user’s AF prediction based on gaze data. Towards
this goal, future work includes the investigation and modeling of
the factors that a�ect the way that users see (e.g., facial expression,
mood). Furthermore, their integration to the developed framework.

In the future, we also plan to extend the idea for other crowd-
sourced portals, such as Stack Exchange16, Reddit17, and Quora18.
We believe the proposed method can help understand users’ en-
gagement on these portals by unraveling their eye gaze information.
It will help editors to collect low-cost, implicit attention feedback
of portal users and may a way to a novel research direction.

7 CONCLUSION
In this paper, a novel gaze-based attention feedback approach was
presented for Wikipedia users. The overall approach aimed to es-
timate the area of interest and reading pattern of the users and
subsequently use it to derive results related to their reading be-
havior on the portal. A novel set of gaze features representing
visual characteristics was presented for performing users’ atten-
tion assessment prediction. Extensive experiments demonstrated
their e�ciency compared to other feedback approaches used by
the Wikipedia research community. The experimental evaluation
proved that the proposed approach outperforms representative
reading pattern analysis approaches of the literature. Moreover,
incorporating a single-camera image processing-based gaze tracker
into a web application framework makes the overall system cost-
e�cient and portable. This study’s outcomes are currently being
discussed in the Wikimedia Foundation for developing specialized
tools to capture readers’ implicit feedback.

16https://stackexchange.com/
17https://www.reddit.com/
18https://www.quora.com/
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