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Abstract. This paper explores Pointer Assisted Reading (PAR), a read-
ing behavior consisting of moving the mouse cursor (also known as the
pointer) along sentences to mark the reading position, similarly to finger-
pointing when reading a book. The study shows that PAR is an uncom-
mon reading technique and examines methods to extract and visualize
the PAR activity of web users. An analysis shows that PAR data of real
users reveal reading properties, such as speed, and reading patterns, such
as skipping and rereading. Eye-tracking is usually used to analyze user
reading behaviors. This paper advocates for considering PAR-tracking
as a feasible alternative to eye-tracking on websites, as tracking the eye
gaze of ordinary web users is usually impractical. PAR data might help
in spotting quality issues in the textual content of a website, such as un-
clear text or content that might not interest the website users, based on
analyzing reading properties and patterns (e.g. reading speed, skipping,
and rereading). Accordingly, PAR~tracking may have various practical
applications in a wide range of fields, and particularly in educational
technology, e-learning, and web analytics.
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1 Introduction

Reading habits and behaviors vary from person to person. This paper explores
the behavior of reading text online with the aid of a mouse. Moving the cursor
(also known as the pointer) of a pointing device (e.g. a mouse or a touchpad) to
point at sentences and words while reading can be referred to as Pointer Assisted
Reading (PAR) [16].

Previous studies have already shown proximity between the mouse cursor po-
sition and the user’s eye gaze on the screen during mouse activity (as discussed
in section 2). Based on this knowledge, we can consider mouse cursor movements
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along lines of text in the direction of reading (left to right in English) as rep-
resenting eye gaze movements, and accordingly, reflecting the reading of these
lines of text.

The primary purpose of this study is to explore and examine PAR activity
and to investigate and illustrate reading behaviors that are reflected in PAR
data, such as changing reading speed, sentence skipping, and word rereading.
This study paves the way to exciting, new research directions and practical
applications.

This paper is organized as follows. Section 2 presents related work. Sec-
tion 3 introduces the implementation of tracking and visualizing mouse move-
ments, which was used in this research to collect, manage, and present relevant
data. Section 4 shows that PAR is uncommon, proposes methods for “mining”
PAR activity from mouse movement data, and presents experimental results that
demonstrate the effectiveness of these methods. Section 5 presents and analyzes
examples of PAR sessions of real users. Section 6 discusses the results. Lastly,
section 7 concludes this paper and suggests possible further work.

2 Related Work

User attention data are essential in many applications, including in educational
technology, online learning, e-commerce, news websites, online advertising, and
web analytics, as well as in studying reading habits and behaviors.

Eye and gaze tracking data have been used for estimating user attention
in many applications and studies, including, for example, to assess the mental
workload that a user interface places on users and to identify usability issues [13],
to measure levels of attention to advertising [22], to guarantee user attention on
application permission authorization [15], to measure mobile web user interest
[23], and to evaluate the effect of social information on user enjoyment of online
videos [25].

User attention data are particularly important in analyzing reading behav-
iors. Eye-tracking has been used in many studies on reading in recent years,
including to distinguish between reading and skimming [2], to explore second
language vocabulary acquisition while reading [27], to examine the effect of
location-driven logo placement on attention and memory [11], to assess the ef-
fects of listening to music while reading [34], to explore the reading development
of elementary school children over time [31], to identify reading disabilities and
dyslexia [1], and to compare first-language reading to second-language read-
ing [7].

Although eye-tracking technology is powerful and accurate, it has significant
availability and scalability limitations. Technically, integrating eye-tracking into
web pages is possible [8], but it is impractical for most websites, as eye-tracking
normally requires special equipment on the client-side to capture accurate data,
it requires user collaboration, and it can raise privacy concerns, as it makes
use of cameras. A common solution is to use the alternative client-side user
actions, such as page scrolling, mouse movements, and clicks, as implicit indica-
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tors of user attention [5,18,33]. Tracking user actions in modern browsers can
be achieved by embedding special client-side JavaScript code in web pages. At
least 15 commercial web analytics services track user mouse activity [17].

By collecting data on the client-side, the evaluation of user attention at any
point in time can be easily reduced from the entire web page to the viewport,
which is the visible part of the page. This has been used recently to investigate
general reading patterns of online articles [6] [30], including, for example, back-
tracking (scrolling back in the browser). The viewport is large, particularly when
websites are accessed from desktop and laptop computers, so it can provide only
a very general indication of the attention position.

The position of the mouse cursor can indicate the position of user attention
more precisely [12]. When a user moves or clicks the mouse, the position of the
mouse cursor is relatively close to the position of the eye gaze on the screen
[4,28]. Mouse-tracking information, as an indication of user attention, has been
studied in various contexts, including in web search [10, 12, 26, 28], e-commerce
[29], web marketing [32], performing tasks [24], and online surveys [3].

Collective user attention on a web page, based on mouse activity, can be
visualized by heatmaps [17, 20, 21]. Such heatmaps are used in many commercial
web analytics services [17].

Recent studies show that in the context of textual web pages, horizontal
mouse movements in the direction of reading (left to right in English) are more
frequent than mouse movements in other directions [16, 19] and that those mouse
movements are indeed related to reading activity [16].

Jarodzka and Brand-Gruwel [14] proposed to separate eye-tracking research
on reading behaviors and patterns into three levels:

— Level 1: Reading sentences and single words;
— Level 2: Reading and comprehending a complete text;
— Level 3: Reading and processing several text documents.

Interestingly, while implicit client-side indicators are widely used as a re-
placement for eye-tracking in many applications, including in analysis of reading
behaviors at levels 2 and 3 (a whole text and multiple documents, respectively),
to the best of our knowledge, client-side indicators, including mouse movements,
have never been used to analyze reading behaviors at level 1, i.e. sentences and
words, which is what this paper does.

3 Mouse Cursor Tracking and Visualization

This study examined PAR activity of users on the ObjectDB developer guide
pages.? A special PAR Server was implemented in order to track, store, report,
and visualize mouse movements. Figure 1 shows the architecture that was used.

To track mouse movements, a reference to a Tracking Script was embedded in
all the web pages. As a result, every page request from the website returned a re-
vised version of the page that triggered an additional request to load the Tracking

3 https://www.objectdb.com/java/jpa
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Script from the PAR Server. The Tracking Script (implemented in JavaScript)
tracked the user’s mouse move events and reported them back to the Collector
component in the PAR Server. The Collector stored the data anonymized in a
dedicated database, adhering to industry standards of data anonymization and
user privacy preservation.
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Fig. 1. Architecture of the PAR Server

Mouse movement data were available for research through two components in
the PAR server. The Reporter component was used to retrieve mouse movement
data, including cumulative statistics, via queries. The Visualizer component was
used to visualize individual page views by displaying mouse movements on web
pages. Figure 2 demonstrates the implemented visualization with a sample PAR
activity of a real user.
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Fig. 2. Visualization of Mouse Movements for PAR Activity Analysis

Mouse movements to the right are displayed as solid green lines. Mouse move-
ments to the left are displayed as dashed red lines. Different colors and styles
for different directions are very helpful in inferring the mouse movement direc-
tions and the reading progression from a still picture. In addition, one direction
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represents mainly reading activity (the right direction for LTR languages such
as English), and the other direction represents mainly progressing to the next
line of text (the left direction for English), so distinct colors and styles help in
identifying reading patterns.

The circles on both the green and red lines represent the positions of the
mouse cursor in reported mouse events. Mouse events are tracked at a rate of
one event per one-tenth of a second (i.e. 10 events per second), so the green
and red lines connecting adjacent circles represent mouse movements during
one-tenth of a second.

4 Mining PAR Views

Unlike page scrolling, which is inevitable when reading web pages (and there-
fore, employed by all users), using the mouse cursor to point at sentences and
words while reading is an uncommon reading pattern [16]. In some sense, it is
a hidden phenomenon, and the likelihood of seeing PAR activity similar to that
in Figure 2, by exploring the mouse activity in a random page view, is low. This
may explain why it had hardly been studied, despite the intensive work on using
mouse movement data as an alternative to eye-tracking.

Note, that low prevalence does not mean that it is not useful, as feedback
data from sample users is also beneficial for analytics purposes. However, low
frequency means that to examine PAR, we need a method for mining potential
PAR views in a web usage dataset, i.e. filtering page views with a high probability
of PAR activity.

The dataset that was used in this study consists of 389,424 page views of
the 69 web pages of the ObjectDB developer guide. Data were collected from
desktop users for a period of several months (ending in March 2020). Mobile
users have been excluded as they normally do not use a mouse. We refer to these
page views as collection 1. Two filters have been applied on collection 1 in a row,
generating collection 2 and collection 3, which are much smaller but have higher
probabilities to include PAR activity.

The first filter is trivial. PAR activity requires moving the mouse. Therefore,
PAR is more likely in page views where the users moved the mouse longer.
Figure 3 shows the distribution of the page views in collection 1 by the total
time of mouse movements in seconds. By focusing on page views that include
at least 64 seconds of mouse movements, which we refer to as collection 2, we
significantly increase the probability of observing PAR activity.

Naturally, we cannot cover every PAR session by ignoring 98.5% of collec-
tion 1, but our goal is modest, we prioritize precision over recall and can tolerate
a high false-negative rate as the objective is to find sample PAR sessions to in-
vestigate.
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Fig. 3. Distribution of Page Views in Collection 1 by Mouse Movement Time

Collection 2 still has page views with no PAR activity, because frequent and
long mouse movements are not necessarily related to PAR, as shown in Figure 4.
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Fig. 4. Scattered Mouse Activity

On a side note, several similar examples of scattered mouse movements have
been observed in collection 2. It is possible that the user fidgeted with the mouse
while reading. It might also correlate with obsessive-compulsive disorders, but
that is a matter for separate studies.
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A second filter was used to retain only page views with considerably more
mouse movement time to the right than mouse movement time to the left. The
following ratio is calculated for each page view:

rightTime(pageView)
leftTime(pageView)

(1)

rlRatio(pageView) =

where rightTime(pageView) and leftTime(pageView) are the total mouse
movement times to the right and left for pageView, respectively.

The reasoning for using the second filter can be explained using Figure 2.
When the mouse is moved during PAR, it is moved in the direction of reading
(to the right in this dataset, as the website is in English) at reading speed.
It is moved much faster in the other direction, to the beginning of the next
line of text. Therefore, a high rlRatio(pageView) value in LTR texts (e.g. in
English) may indicate that the mouse movements are not random but hint at
PAR activity (and the opposite is true for RTL texts, such as in Hebrew and
Arabic). These hypotheses regarding the directions and movements of the mouse
during reading activity are supported by a recent statistical analysis of mouse
movements [16]. Figure 5 shows the distribution of the page views in collection 2
by rlRatio values.
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Fig. 5. Distribution of Page Views in Collection 2 by rlRatio
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Note that the distribution of page views in Figure 5 is not exactly symmetric
around rlRatio = 1. As expected, rlRatio > 1 is significantly more frequent
than rlRatio < 1 in this population of page views, which relative to collection 1,
is richer with PAR activity.

To minimize false-positive errors (at the cost of a higher false-negative rate)
and to improve the quality of the remaining page views (with respect to their
PAR activity potential), this new filter was applied as a second-tier on top of the
first filter, i.e. on collection 2. The result, collection 3, retains only page views in
collection 2 with rlRatio(pageView) > 3, which is a small fraction of collection 1
(the complete dataset).

A computer program selected 40 random sample page views from each of
the three collections and combined them into one set of 120 untagged sample
page views. An examiner (an undergraduate student of International Business
and Languages) was asked to count the number of text lines in each page view
that appear to have been read with moving the mouse cursor as a pointer, i.e.
hinting at PAR activity. Table 1 and Figure 6 show the results. In Figure 6, the
40 sample page views of each collection are in descending order of the number
of identified PAR lines.

Table 1. Collections & Results

collection 1 collection 2 collection 3

Filter None move time > 64s  move time > 64s
and rlRatio > 3

Collection Size (views) 389,424 6,971 79

Sample Size (views) 40 40 40

Views with PAR activity 8 36 40

% Views with PAR activity 20% 90% 100%

Identified PAR Lines 16 217 481

Identified PAR Lines / View 0.4 5.4 12.0
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Fig. 6. Identified PAR Lines in 120 Page Views
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The sample page views from collection 1 had very little PAR activity (only
16 lines in total for 8 page views, where the other 32 page views had no iden-
tified PAR activity at all). This shows that PAR is indeed uncommon and that
obtaining page views with PAR requires deliberate “mining”. As expected, PAR
activity was more frequent in collection 2, and even more so in collection 3.

5 Exploring PAR Using Examples

Mining page views with a high probability of PAR activity, as discussed in sec-
tion 4, combined with visualizing mouse cursor movements on pages, as described
in section 3, paves the way for exploring PAR by examining real examples.

Note that we can assume that the mouse movements visualized in these
examples represent eye gaze movements (and accordingly, reading patterns) and
that the positions of the mouse cursor reflect eye gaze positions. As discussed in
section 2, previous studies have already shown significant proximity between the
mouse cursor position and the eye gaze position on a screen when a user moves
the mouse.

The primary concern regarding the feasibility of using PAR data is that rele-
vant mouse-tracking data may not be available, because as discussed previously,
PAR is not a common reading technique. This section shows that the page views
in collection 3 contain mouse-tracking data that are similar to eye-tracking data,
and therefore, PAR-tracking data might replace eye-tracking data of web users,
which are usually unavailable. Accordingly, the feasibility concern is reduced to
whether the amount of PAR-tracking data that can be obtained is sufficient for
practical applications. This is discussed in section 6.

Figure 7 shows a typical PAR activity. Green, which represents movements
from left to right, is more dominant than red, which represents movements in
the opposite direction (from right to left). Lines between two adjacent circles
represent mouse movements during one-tenth of a second. The green circles are
much closer together than the red circles because right mouse movements are
mostly carried out at reading speed, whereas left movements to the beginning
of the next lines of text tend to be much faster [16].
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Fig. 7. A Typical PAR Activity
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Most of the mouse cursor movements are shorter than the full-text width,
because of a “cutting corners” effect, as shown, for example, in Figure 7. Even
users that use PAR extensively use shortcuts where possible, and apparently,
moving the mouse to the very first and last characters of the text lines is not
essential for benefiting from PAR. Some users cut corners on both the left and
right sides of the text lines, as demonstrated in Figure 7, while others move the
mouse over the first word in text lines but occasionally skip the last word, as
demonstrated in Figure 8.

This is a drawback of PAR-tracking data compared to eye-tracking data, as
eye-tracking provides accurate data also at the edges of text lines. To overcome
this issue, the missing information regarding reading the start and the end of
text lines has to be completed through other means. For example, further work
could explore the possibility of extrapolating the missing information using the
user’s average reading speed.
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and retrn ent|ty ob]ects rather than pst ﬂe?(f.@es t'rom database tables L8 with SQL. That i8kes JPQL

more=siyect orent&g frlendly and ea3|erto use in Java
]
Fig. 8. Cutting Corners at the End of Text Lines

The vertical position of the mouse cursor relative to the text lines varies.
Sometimes it is above the text, sometimes below the text, and sometimes on
the text. Changes in the vertical position of the mouse cursor during reading
activity are probably due to the difficulty of tracing perfectly straight lines with
manual movements.

In browsers, a mouse cursor placed on text usually shows as a thin vertical
bar, and therefore, does not normally hide the characters in the text (unlike
the green and red lines in the visualization that occasionally hide the text).
Consequently, moving the cursor over the text, as seen in Figure 7, does not
necessarily disrupt reading.

The position of the mouse cursor relative to the text seems to reflect personal
preferences. Figure 9 shows a PAR activity with the cursor position mainly below
the text lines. At first glance, it may be challenging to figure out whether the user
traces text lines from above or below. The division of the text into paragraphs
is helpful in that regard, as usually the last line of a paragraph is shorter than
the full-text width, so we can expect it to be matched with a relatively shorter
green movement line.
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Sometimes, however, as shown in Figure 10, the mouse movement lines are
vaguer, and their total count does not match the total number of text lines in
the paragraph. In these cases, it is difficult to match mouse cursor movements

with text lines, and therefore, such mouse movement data may be less useful as
PAR data.
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Fig. 10. Vague PAR: No Clear Way to Match Mouse Cursor Movements With Text

When it is possible to match mouse movements with text words, it may
provide valuable knowledge about the specific page view. When accumulated
across distinct page views (of the same web page) of different users, it may also
provide information about the page content.

An analysis of Figure 11 gives several interesting insights. Firstly, we can
find out which parts of the text have been read by the user and which parts
have been skipped. In a page view with heavy PAR use, a jump such as the
one from the word “lock” on the third line to the code fragment below, usually
indicates that some lines of text have not been read. Although it is possible for a
PAR user to occasionally read lines of text without moving the mouse, checking
the timestamps of the mouse events before and after that jump (which are not
shown in Figure 11) confirms that, indeed, these text lines have been skipped
by the user.
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Fig. 11. Skipping, Repeating, and Reading Speed

Secondly, we can see which parts of the text have been read more than once.
Most of the first text line in Figure 11 is covered by two distinct green lines,
indicating that it has been reread.

Thirdly, the reading speed is revealed. The density of green circles on Lock-
TimeoutException (on the first text line in Figure 11), PESSIMISTIC_READ,
and PESSIMISTIC_WRITE (on the last two text lines) is lower than the av-
erage density of green circles in this figure. Apparently, less time is needed to
read these long technical strings (relative to their widths in pixels) compared
to ordinary text words that require reading alongside thinking and comprehend-
ing. This demonstrates the dynamic nature of reading speed. Changes in reading
speed are shown in most of the examples in this section. These might be valuable
in spotting text complexity and unclarity.

Figure 12 shows an interesting attempt by a user to cut corners and read
the last line quickly, but then, possibly because of difficulties in understanding
the text at a glance, the user backtracks and reads that line again from the
beginning.
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Fig. 12. Cutting Corners and Then Rereading From the Beginning

Figure 13 shows another example of backtracking and rereading. A careful
examination of this PAR activity (focusing on the green lines and circles) reveals
that the first text line was read once, the second line, the third line, and the
beginning of the fourth line were read twice, and the last sentence was read once.
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This visualization represents the reading activity of a single user. If this pattern
repeats in the PAR activity of other users, it may indicate that these sentences
are not sufficiently clear.
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Fig. 13. Rereading Lines of Text

Figure 14 shows another example of varying reading speed. The end of the
sentence is read much slower than the beginning of the sentence. If this pattern
repeats in the PAR activity of other users it may indicate that the end of the
sentence is complex and may require simplification.
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Fig. 14. Varying Reading Speed

6 Discussion

The experiment discussed in section 4 shows that PAR is not a common reading
behavior. Based on the number of manually identified PAR lines in a sample
of page views, as shown in Table 1, the frequency in the complete dataset (col-
lection 1) is only 0.4 PAR lines per page view. This is a very rough estimate
because of the small size of the sample (and we also expect to have different
frequencies on different websites), but it shows that PAR activity is uncommon.

According to this estimate, there are over 155,000 PAR lines in this dataset,
i.e. the examples in section 5 cover only a tiny fraction of these PAR lines.
Collecting eye-tracking on this scale could be complicated and expensive, so
PAR-tracking data might be valuable. The 69 web pages used in this experiment,
when presented in the most commonly used browser width on this website (1,920
pixels) contain 4,430 lines of text in total. Therefore, according to this estimate,
each text line has on average about 35 PAR lines. The more frequently read
lines (which are probably more important when considering how to improve the
website content) may have much more PAR data in this dataset.

PAR-tracking might be a useful alternative to eye-tracking when eye-tracking
data are unavailable. Particularly, eye-tracking may be impractical on public
websites, as it requires active user collaboration, special equipment (to achieve
high accuracy), and it may raise privacy concerns among users, as it makes use of
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cameras. On the other hand, PAR data can be collected in all modern browsers
using embedded client-side JavaScript code.

Mouse movement tracking and recording is a core element of “session record-
ing”, which is a common practice in modern web analytics [17]. Session recording
raises interesting questions in the context of user privacy and personal data pro-
tection, for example, due to the risk of collecting sensitive information through
keystroke recording unintentionally [9]. However, session recording does not nec-
essarily require prior user consent under personal data protection regulations,
such as GDPR (under certain terms, as discussed by the IT and privacy lawyer
Arnoud Engelfriet [9]). If the data collected is completely anonymized, which is a
standard practice in web analytics, then it is no longer considered personal data
(e.g. by GDPR). Therefore, PAR-tracking can be used on almost any website, as
long as data protection standards are preserved, and it could be useful if there
are enough users and sufficient traffic.

This study has not used eye-tracking to confirm that the mouse movements
that appear to be related to PAR activity indeed match the user’s eye gaze
while reading. As PAR activity is uncommon, such an experiment would require
collecting eye-tracking data for a large number of users, in order to capture the
natural PAR activity of the small percentage of users that use PAR. However, the
significant proximity of the cursor position to the user’s eye-gaze on a screen,
when the user moves the mouse, has already been shown in previous studies,
as discussed in section 2. Based on this knowledge we can assume that mouse
cursor movements along lines of text in the direction of reading (left to right in
English) correlate with eye gaze movements in the same direction, and therefore,
this reflects reading.

As shown in section 5, the start and the end of text lines are often not
covered by mouse movements, because of the “cutting corners” effect. This is a
drawback of PAR data compared to eye-tracking data, and further work could
look at practical solutions to complete the missing data by other means, for
example, based on the user’s average reading speed.

PAR-tracking data might be valuable in educational technology, e-learning,
and web analytics, as it can show what users read, which parts of the text
they skip, which sentences slow their reading speed down, which paragraphs
they reread, etc., as demonstrated in section 5. This information might help in
spotting issues and obstacles in texts and in improving the overall quality of text
content.

PAR-tracking may also be useful in research on reading, which is often per-
formed using eye-tracking. Eliminating the availability and scalability constraints
posed by eye-tracking and using PAR-tracking instead may open new doors. For
example, international, worldwide research on reading behaviors and patterns
on standard websites may become more feasible.

Because of the low prevalence of PAR, we cannot expect to analyze the
behavior of every individual user. However, the applications mentioned above
do not require data for every user. Data from a sample of users that use PAR
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might be sufficient in these applications, similar to the way that feedback from
sample users is usually sufficient in surveys.

7 Conclusions and Further Work

This paper examines methods to extract and visualize PAR activity and demon-
strates and analyzes sample PAR activity of real web users. The potential of
PAR data in various applications, as well as the challenges, are discussed.
Further work could seek to develop PAR recognition methods to identify
PAR more accurately, matching mouse movements to words in the text. PAR
recognition ability might enable replacing eye-tracking with PAR-tracking in
many applications, as discussed in this paper. PAR recognition could also help
in exploring PAR further, e.g. in calculating the frequency of PAR more precisely
and in learning about PAR users, which is essential if we want to treat PAR-
tracking data as an accurate representation of the entire website audience.
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