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ABSTRACT
In order to realize zero-effort retrieval in a web-context, it is
crucial to identify the part of the web page the user is focus-
ing on. In this paper, we investigate the identification of fo-
cus paragraphs in web pages. Starting from a naive baseline
for paragraph and focus paragraph detection, we conducted
an eye-tracking study to evaluate the most promising fea-
tures. We found that single features (mouse position, para-
graph position, mouse activity) are less predictive for gaze
which confirms findings from other studies. The results indi-
cate that an algorithm for focus paragraph detection needs
to incorporate a weighted combination of those features as
well as additional features, e. g. semantic context derived
from the user’s web history.
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1. INTRODUCTION
Just-in-time retrieval [8], also called zero-effort queries [1]

is the idea of retrieving new, relevant information with min-
imal user effort, ideally in a fully automatic way. Zero-effort
retrieval requires i) identification of relevant user context
and ii) query construction based on this context. Our goal
is to generate zero-effort queries in a web-based setting, i. e.,
when browsing arbitrary web pages. Conceptually, the ideal
relevant textual user context is a paragraph, because each
paragraph represents one main idea and the concepts within
the paragraph are related to each other and to the main idea
(topical coherence) [2]. In particular, on pages that contain
diverse topics (in different paragraphs), such as news pages,
it is desirable to find the topic (and hence the paragraph)
the user is actually interested in.
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This paper investigates the identification of the relevant
user context, i. e., the detection of focus paragraphs in web
pages. We hereby assume that the query construction given
a focus paragraph is an independent and/or already opti-
mal process [9]. In this paper we present i) an algorithm
for paragraph detection, splitting a web page into content-
bearing textual parts solely based on structural properties,
ii) the results of a first user study on the accuracy of a naive
baseline algorithm for focus paragraph detection, and iii) the
results of an eye-tracking study on the effect of selected lay-
out and interaction features on focus paragraph detection.

2. RELATED WORK
Paragraph detection, i. e., automatic splitting of larger

documents into smaller, semantically meaningful parts, has
been investigated before [5, 12, 3], but to the best of our
knowledge not in the context of real-time processing of gen-
eral web pages. Web page paragraph detection is especially
challenging for two reasons: First, markup tags are used
to convey both, semantics and layout information1. Sec-
ond, the storage capabilities and processing power within
web browsers are limited, making real-time paragraph de-
tection based on content [5] or visual building blocks [3]
intractable. Lagun and Agichtein [7] suggested manually
engineered segmentation (i. e. hard-coded) for popular web
pages which tend to share the same layout, such as Google
search results, and supervised automatic classification based
on selected training data for less frequent pages. However,
our scenario of zero-effort retrieval on the web requires the
paragraph detection to be generally applicable to all kinds
of web pages and feasible online.

Previous work on focus detection investigated the corre-
lation between mouse interactions (movements, clicks, text
selections) on a web page and gaze with the goal of esti-
mating the reading time spent on single paragraphs in the
context of adaptive hypermedia systems. Hauger et al. [4]
could predict the focus paragraph with approx. 79 % ac-
curacy a-posteriori. Mouse clicks and text selections were
identified as highly indicative for gaze position. Addition-
ally, the authors found that the mean value of vertical eye

1Even though semantic elements (like article, section, ...)
have been introduced with HTML5 (https://www.w3.org/
TR/html5), their use is neither enforced nor guaranteed.
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position on web pages is not centered, but slightly shifted
towards the top (mean value at pixel position 473 of 996).

The relationship between cursor and gaze has also been
investigated for search engine result pages [6]. The authors
approximated the x and y position of the gaze separately
with a linear model, and achieved a RMSE of approx. 125
pixel in each direction. Their linear model combined the
dwell time, the time since a movement, the x-coordinate of
the cursor position, and the most likely x-coordinate of the
gaze based on future cursor positions (analogous for the y-
coordinate). Both authors (as well as [7]) use features that
are not applicable because they are not suitable for online
processing (future mouse position) or for zero-effort query-
ing (mouse click2). Further, a text selection already provides
a very specific user context, rendering the paragraph detec-
tion unnecessary. While our application scenario is different,
we conclude from related work, that i) mouse pointer is a
semi-informative feature, ii) frequent mouse usage has to be
identified, iii) vertical position seems to be highly indicative.

3. INITIAL SITUATION
In this section we describe the initial situation for our

approach, presenting an algorithm for paragraph detection,
an initial (naive) solution to determine the focus paragraph,
and the results of a first user evaluation.

In order to determine the focus paragraph in a web page,
it is necessary i) to split the page into paragraphs and re-
move non-content elements and ii) to select the paragraph
in focus. For the fist step, we utilize the DOM structure
of the web page3. First, we create a set of candidate para-
graphs, composed of nodes that have a textual child node
of at least 40 characters. Only the topmost node in a sub-
tree satisfying this criterion is considered, since it already
includes all child elements. Next, neighbouring candidates
are combined, if they are only separated by text nodes (i. e.,
there are no other nodes, such as <p> or <br> in between).
Finally, the candidate set is filtered by visible paragraphs,
which are either combined or contain at least 100 characters
and a dot.

A naive baseline algorithm for focus paragraph detec-
tion is to select the topmost (completely visible) paragraph
as focus paragraph and update the selected paragraph only
on scroll-events. We used this baseline for two reasons:
First, the topmost paragraph is the most likely paragraph
to be looked at after following a hyperlink. Second, the top-
most area of the page is already excluded by the paragraph
detection algorithm if it merely contains navigation elements
or advertisements.

In a first study with 77 users4 we investigated the accuracy
of our zero-effort query generation process including the ac-
curacy of the paragraph and focus paragraph detection [10].
The prototype implemented the naive baseline for focus
paragraph detection. We asked users to correct the focus
paragraph if they considered it to be incorrect. This was

2A click typically corresponds to following a hyperlink, thus
changing the page content. We regard clicks to the non-
linked space as feature of user control, explicitly marking
the paragraph as focused and hence not applicable to the
automatic detection.
3The source code is available as part of the c4 framework
https://github.com/eexcess/c4#paragraphdetection
4A detailed description of the study setup is available at
https://github.com/schloett/p2q

achieved by simply clicking inside the correct paragraph. In
35% of all cases the focus paragraph was adapted, resulting
in an accuracy of 65% for the focus paragraph detection.
This accuracy is highly biased, because i) we did not ask
whether the paragraph is correct in general, but asked users
to correct wrong paragraphs (which took manual effort), ii)
we visually outlined the detected paragraph, which might
draw the focus of attention, and iii) the detection was em-
bedded in a study with a different focus.

4. IMPROVING FOCUS DETECTION
Although the first study showed an accuracy of the naive

baseline algorithm of at least 65%, the study had several
limitations as described above. In this section we describe
our approach of improving the focus paragraph detection for
the context of web-based zero-effort queries using selected
features based on related work and the results of an eye-
tracking study.

4.1 Feature Selection
We chose to investigate four layout and interaction fea-

tures in detail (cf. Figure 1): The paragraph’s size a =
w ·h as a layout factor should account for the fact that larger
areas on the screen have a higher probability of being looked
at. The paragraph’s position d (vertical and horizontal)
on the page is included, because it has been identified as
predictive for gaze on web pages in a different scenario [4].
We also included the position of the mouse pointer rela-
tive to the paragraph m, which has shown to be of predictive
value if users move their mouse frequently [6]. Thus, we also
included a mouse pointer activity threshold, indicating
whether the mouse is used as aid for cognition [4].

Far far away, behind the word mountains, far from 
the countries Vokalia and Consonantia, there live the
blind texts. Separated they live in Bookmarksgrove
right at the coast of the Semantics, a language ocean.

w

h

d

m

Figure 1: Features for focus paragraph detection

4.2 Eye-Tracking Study
To investigate the applicability of the selected features

(paragraph size and position, mouse pointer position and
activity) we conducted a user study using an eye-tracker
to log the visual focus of users while reading web pages.
The initial question was: which feature(s) could improve the
accuracy of focus paragraph detection, and to what extend?

4.2.1 Procedure
The user study was conducted in a university lab using

a Tobii Pro TX300 eye-tracker (providing a 23 ′′ monitor).
Twelve participants volunteered (2 female; age between 21
and 51; mostly students and staff from the local university),
four needed a vision aid and used it during the experiment.
Each session lasted around 30 minutes. First, the partici-
pants had to fill out a questionnaire about their web brows-
ing and retrieval experiences and skills, and their knowledge
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and interest in 8 predefined topics such as geography, his-
tory, politics, etc. From these topics we later picked 2 or 3
for the session tasks (depending on the user’s rating, prefer-
ring topics where the user indicated high interest and low
or medium prior knowledge). The participants were given
basic information about the setup of the study (accompa-
nied by an individual calibration of the eye tracker), but no
further details about the purpose. So all subjects knew that
their eye movements were tracked and logged, but did not
know what exactly we were interested in. Afterwards, the
participants were given three questions within the scope of
the selected topic and a Wikipedia article5 in a full-screen
browser window on the Tobii monitor (full-HD). The article
directly provided the answers to the questions or links to
other relevant articles. The task was to read the relevant
Wikipedia articles (without time limit) until one felt to be
able to answer the questions. We were able to do at least 2
iterations (topics) with each subject.

We tracked and logged coordinates and time stamp of gaze
and mouse pointer positions on the screen with 50 Hz, the
URL and content of the visited web page including position
and layout of all detected paragraphs and detected focus
paragraphs (naive algorithm), as well as scrolling and mouse
click activities (cf. Figure 2 for some examples). The sub-
jects were instructed not to use the browser’s full text search
functionality to highlight keywords, so that they were forced
to read larger parts of the text to find relevant information.

4.2.2 Results
In order to investigate the relevance and impact of layout

and interaction features for focus paragraph detection, we
analyzed the logged data as follows: First of all, we eval-
uated the performance of the naive focus paragraph detec-
tion approach by counting the number of gaze events which
were targeted at a point within the bounding box of a fo-
cus paragraph candidate. To compensate inaccuracies of
the eye-tracker6 we extended the area of the bounding box
by 10 pixels in each direction. Furthermore we smoothed
the samples using a weighted average filter and removed
short fixations (<100 ms), which are usually a result of noise
but are especially dispensable in our case as we are inter-
ested in sequences of focused reading (at least 100 ms up
to 500 ms fixation duration [11]). We learned that an aver-
age of 36.63 % (SD 12.93 %) of the gaze events targeted to
the screen did not hit a paragraph candidate at all. This is
due to the fact that elements like images, headlines, formu-
las, table of contents, etc. do not provide sufficient textual
content to construct the search context for a query formu-
lation, and are thus ignored by the algorithm (as described
above). Taking this into account, we only considered gaze
events within the set of paragraph candidates. This resulted
in an average success rate of 40.71 % (SD 18.27 %) for the
naive baseline algorithm. We found that the lowest accuracy
(9.5 %) was achieved when the subject was reading thor-
oughly through large parts of text without any mouse inter-
action or scrolling, which would trigger the reallocation of
the focus. The best result (87.9 %) was achieved when the
subject used anchor links within the document to directly
jump to a paragraph and read it.

5Please note that all participants shared the same native
language, in which all reading material was provided.
6According to Tobii the TX300 has an average accuracy of
0.4◦ and a precision of 0.14◦ [13].

Figure 2: Four participants reading the same web
page: gaze hits (blue), assumed focus paragraphs
(green), vertical scrolling position (red) and mouse
activity (orange)

Next, we investigated the influence of the paragraph’s size.
We calculated the ratio between the size of the actual read
paragraph (fixation duration of at least 3 seconds) and the
size of the largest visible paragraph on the screen. The aver-
age ratio was 0.56 (SD = 0.35), which means that the mean
size of a focused paragraph was about a half of the size of
the largest visible paragraph. Only an average of 33 % of the
gaze events hit the largest visible paragraph in each case.

After that we focused on the influence of the vertical po-
sition of the paragraph on the screen7. Regarding the over-
all vertical distribution of gaze hits on the screen we found
that gaze is primarily directed to the upper half of the screen
(mean value at 402 of 1080 pixels from the top). We used the
frequency values (see Figure 3) to weight the visible para-
graphs according to their vertical position when rerunning
the focus paragraph detection based on the logs. In this ex-
periment we achieved an average success rate of 41.59 % (SD
16.65 %), which is only slightly better than the baseline algo-
rithm. According to expectations, this approach performed
better in cases of thoroughly reading of long text passages.

Furthermore, we investigated the relation between gaze
events and simultaneous mouse pointer positions (as one of
the feature candidates). As to be seen in Figure 3 the mouse
pointer is mainly placed near the vertical center (mean value
at 472 pixels of 1080). We calculated a matching between
mouse hovering in a vertical distance to the gaze target of
under 100 pixels8 in 38 % of all cases. According to the as-
sumption that the activity of the mouse pointer is an indi-
cation for its usage as an aid for cognition [4], we focused
on the samples showing high mouse pointer activity. In the
selected subset we found a matching in 60 % of the cases.

4.3 Discussion
The results of the study are quite in line with our ex-

pectations, regarding the inferior performance of the naive
baseline algorithm compared to the results of the first user
study. This is mainly due to the limitations of the first study
(cf. Section 3) and the difference in measuring the accuracy:
while the first study achieved a binary measure through the
(indirect) approval or (direct) rejection of the users without

7As the majority of the Wikipedia articles used in this study
appear in a single-column layout we did not have sufficient
data to evaluate the influence of the horizontal position.
8The average height of a detected paragraph was 100 pixels.
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Figure 3: Histogram of the vertical distribution
(0=top, 1080=bottom) of gaze (blue) and mouse
pointer (red) positions

accounting for dwell time, the eye-tracking study measured
gaze hits per paragraph in relation to time. The results con-
firm former studies [4, 6] concerning the deviation between
gaze and mouse positioning, and that the mouse pointer is
a semi-informative feature. The approach to use an activ-
ity threshold for the mouse pointer increases the accuracy
significantly (up to 60 %) but was only applicable in 5 of 25
runs (20 %). The results showed that the relative size of a
paragraph on its own is not an informative indicator for it
being read. Furthermore, the weighting of the paragraphs
according to their vertical positions based on the vertical dis-
tribution of gaze hits improved the accuracy only slightly,
but seems to be promising in combination with navigational
behavior of the users. This leads to the assumption that
focus paragraph detection solely based on layout features is
not feasible. Instead, future research should be focused on
the weighted combination of layout, interaction and seman-
tic features such as content-related background knowledge,
browsing and query history, user profiles, etc.

The presented study has some limitations that should be
further discussed. First of all, the number of subjects was
too small to find similarities between users and derive ad-
equate features in terms of the analysis of typical reading
behavior. Second, the subjects knew that their gaze was
tracked and logged, which means that we cannot ensure that
they acted normally, i. e., performed normal reading behav-
ior, although all of them stated that they did not feel affected
by the presence of an eye-tracker. Due to the complexity of
the given tasks it is very likely that the participants forgot
about the tracking after some minutes. On the other hand,
this complexity and a certain pressure to succeed might be
the reason that several subjects tended to skim the page to
spot relevant keywords instead of attentive reading. We are
not sure if this adds to a bias and to what extend.

However, our aim was to get first results as an initial feed-
back to further improve focus paragraph detection. The
insights we gained during the analysis led to promising fea-
tures that should be taken into consideration.

5. CONCLUSION AND FUTURE WORK
In this paper we presented an approach for paragraph and

focus paragraph detection for web-based zero-effort queries.
We investigated the influence of layout and interaction fea-
tures (namely paragraph size and position, and mouse pointer
position and activity) with the help of an eye-tracking study.
Our analysis showed that the pre-selected features were little
informative in general, especially when considered in isola-
tion, but might be effective in combination.

In the experiment we used a Wikipedia test corpus as a
proxy for informational pages containing images, navigation

elements and a sufficiently complex page structure. While
we estimate the approach to be applicable to similar pages,
future experiments might be necessary to investigate the
applicability of the results to web pages of different types.

To further improve detection accuracy we will i) elaborate
on weighting factors and parameters of features in combina-
tion, ii) investigate additional features, primarily semantic
content features (from browsing/query history, etc.), and iii)
investigate personalized focus paragraph detection by pro-
viding an initial model to all users, allowing for interactive
correction of the detection and integrating the feedback into
the model, e. g. to adapt the weights for different features.
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