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Abstract. In Natural Language Processing, the quality of data annota-
tion directly affects the performance of tools. In the subfield of Compu-
tational Argumentation, the annotation of argumentative text is a chal-
lenging task due to its subjective nature and high cognitive demand for
both experts and novices. In this paper, we provide a systematic overview
of these challenges and propose the use of eye tracking as a method that
allows us to better understand the experience of annotators. We report on
a randomised crossover experiment with 40 participants combining eye
movement, self-reported workload using NASA-TLX, and task-specific
questionnaires. We demonstrate a rapid decrease in attention through-
out the annotation task and during the familiarisation of the annotators
with the guidelines. We show that annotators perceive longer guidelines
as more mentally demanding, yet more helpful and clear than shorter
ones. Our findings show the feasibility of eye tracking for the under-
standing of the annotation challenges.

Keywords: Computational Argumentation, Natural Language Process-
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1 Introduction

In a time when information is available en mass, learning to analyse argumenta-
tive texts and to write good arguments is an essential skill that many curricula in-
clude. Yet, providing scholars with personalised feedback is very time consuming
and still a challenge for most teachers [44]. The field of Computational Argument
Quality Assessment (CA) offers support by aiming to automatically assess ar-
gumentative texts across various quality dimensions [41, 19, 32]. To achieve this,
models need to be created with the help of high quality gold standard datasets,
which are typically created (i.e., annotated) by experts, via crowdsourcing or
using other methods [21, 32].

Over the past 16 years dozens of datasets have been created and used in the
field of CA [19, 32]. They assess the overall quality of argumentative texts or focus
on specific quality dimensions (e.g., persuasiveness). They consist of individual
texts (i.e., absolute assessment) [9,38,13] or pairs of texts, where one text is



2 R. V Ivanova et al.

assessed in relation to another (i.e., relative assessment) [11,38,10]. Further, the
granularity of text entities varies between a single premise or conclusion (i.e.,
argument unit), an argument containing multiple premises and/or conclusions, a
combination of multiple arguments (i.e., argumentation), and a debate [41, 18].

Despite the already high number of existing datasets in the field, the contin-
uous adaptations and improvements of theoretical foundation of the field (and
thus the used quality dimensions) is accompanied by a continuous need for new
gold standards. Ounly recently, Romberg et al. [32] surveyed the datasets in the
field in regards to the available metadata that describes the annotators who cre-
ated the dataset and their demographics. The authors underline the importance
of various perspectives in the highly subjective task of quality assessment and
suggest that future work should shift its focus from a single correct response to
multiple correct responses (i.e., the perspectivist turn).

This new research approach addresses one of the main issues in the creation
of high-quality gold standard datasets, namely that the task is inherently sub-
jective. Simultaneously, the task is viewed as demanding for both expert and
non-expert annotators [41,21,10,22]. Our work focuses on the second part of
the annotation issue. Through the use of eye tracking - a method that has not
previously been applied to the field of CA - we aim to gain insight into aspects of
the annotators’ behavior, which may have been invisible using other techniques.
We formulate our research questions as follows:

RQ1: Does the focus of annotators decrease significantly as they read through
annotation guidelines?

RQ2: Do annotators perceive shorter or longer annotation guidelines as more cog-
nitively demanding?

RQ3: At which point throughout the annotation process does the focus of anno-
tators decrease significantly?

The contribution of this work is twofold. First, we provide an overview of the
field of CA (Section 2), highlighting prior findings about the annotation process.
In addition, we give a brief overview of Eye tracking (Section 3). Second, we
present our experimental setup in Section 4, which is followed by its results and
the answers to the research questions in Section 5.

2 Computational Argumentation

The field of CA finds its roots in the coarse-granular assessment of entire essays
[26-29]. From there it has adapted to shorter texts frequently scraped from on-
line sources such as reviews and forum posts (e.g. [42, 3, 36]). Early work focused
on rather domain-agnostic quality dimensions such as organization [26], slowly
shifting towards more argument-specific quality dimensions such as persuasive-
ness (e.g., [36,30]) and convincingness (e.g., [14]). Due to its subjective nature,
the focus on argumentative texts lead to the exploration of external factors such
as the prior belief of the readers [8]. Simultaneously, research groups took in-
terest in the creation of theoretical frameworks to serve as a foundation for the
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creation of annotated datasets. As such, Wachsmuth et al. [41] proposed one tax-
onomy, which at the time of writing is still the most widely used taxonomy in
CA. Since then further research has extended the spectrum of some dimensions,
by exploring particular quality dimensions in detail®.

Annotation Approaches. Alongside the creation of new datasets and tax-
onomies, prior work has also discussed certain shortcomings of existing anno-
tation approaches with a particular focus on CA. In regards to the linguistic
features of texts modal verbs (e.g., can) and the use of non-specific quantities
(e.g., many, some) may lead to disagreements between annotators [34,1]. The
former suggest that extending the guidelines to include information on how such
cases are to be handled may increase the agreement between annotators. Further,
annotators oftentimes interpret arguments containing irony, sarcasm or rhetor-
ical questions differently from one another, sometimes even assigning opposing
quality scores [21]. Shifting towards the structure of arguments, various inter-
pretations of the argument structure are also an issue that leads to disagreement
[1] and while annotators have difficulties distinguishing between argumentative
and non-argumentative texts [35]. The various interpretations and their effect
on subjectivity are also address by Ng et al. [25], who note that annotators may
judge arguments differently when they deem their topic as “less worthy” or as
potentially having “trivial consequences”. Especially in the case of crowdsourc-
ing, annotators were found to have different reference frames, which dictate how
they interpret interval quality scales such as “0, 1, 2”7 or “low, medium, high”. The
authors suggest that annotation guidelines should provide detailed information
on the used scales [10]. To address this, one may add time in the annotation
process to introduce representative examples and provide a training session as
means for the reduction of ambiguity [45].

Lauscher et al. [21] ran the most extensive study on annotation approaches in
the field of CA. They found that it was necessary to simplify the 15-dimensional
taxonomy [41] down to its three main dimensions in order for the annotators to
be able to comprehend the guidelines. Yet the authors also point out that the
field has previously been dominated by rather practical approaches that assess
single dimensions such as persuasiveness [30] or overall quality [39] and that
methods that provide fine-grained feedback are necessary when personalised and
specific feedback is to be given. Further, annotation methods that use designs
with too many fine-grained quality dimensions are too difficult for annotators to
work with and can be rather subjective [25]. This leads to a rather unavoidable
issue, namely that (i) detailed taxonomies with fine-grained quality dimensions
are necessary for the training of tools which provide detailed feedback on the
quality of argumentative writing, yet (ii) the annotation process associated with
the use of such fine-grained taxonomies is highly demanding for the annotators.
In this work, we aim to clarify how this dilemma can be better addressed with
a novel approach.

3 For a recent overview of the field of CA and a detailed description of the existing
annotated datasets and quality dimensions refer to Ivanova et al. [19] and Romberg
et al. [32].
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3 Eye Tracking

For more than five decades, eye tracking has been widely used to study the eye
movements of individuals (e.g., fixations, saccades, pupil dilation) and specifi-
cally to assess their attention, cognitive load, and proficiency in goal-oriented
tasks such as reading [31, 5]. Similarly, it has been used for different tasks of the
broad field of NLP.

Eye Tracking Foundations and NLP Integration. In psycholinguistics’
long history of eye tracking, researchers have used measures such as fixation and
saccades to study lexical processing, syntactic parsing, sentence comprehension
[31,20]. In NLP, eye tracking has found applications in cognitive modeling as
well as in the improvement of computational tasks through the gained insights.
Such applications can be categorized as sequence labeling and sequence classi-
fication, including syntactic parsing (2], text complexity estimation [12], named
entity recognition [16], sentiment and sarcasm detection [23], and neural atten-
tion regularization [33]. In these tasks eye movement data offers a proxy for
human behavior and attention in language processing.

Annotation with Eye Tracking. In the context of NLP, eye tracking has
been used to better understand the unique aspects of how humans cognitively
process text [17] and in some cases to compare these processing steps with those
of automated tools. For example, Tokunaga et al. [37] found that human anno-
tators look at broader context windows and use relational cues more extensively
than automatic systems. Moreover, the creation of datasets for the training of
such automated tools has also previously benefited from eye tracking. Here, the
eye movements of annotators provide insight into their behavior that can be used
to predict annotator disagreement. Mitsuda et al. [24] aim to better understand
and predict disagreement in the annotation by using linguistic information of the
annotation and a comparison of the eye behaviors of annotators (i.e., sequences
of fixations).

4 Experiment

Our experiment setup is built on findings in prior work. With the help of eye
tracking, we aim to provide objective insight into the challenges that annotators
face when asked to assess the quality of argumentative texts. Our setup was
verified by two people, who were asked to complete the experiment and report
any issues.

4.1 Participants

The final experiment was then carried out with 40 participants, all of whom
responded to an open call and were at the time students of a Bachelor, Master
or PhD level, and proficient in English (8 of whom are native speakers). We
selected non-experts for the task, as this target group is typically easier to The
participants’ genders were reported as follows: 21 male, 18 female, and 1 other.
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The ages spanned from 19 to 44 years old with the median at 23.5. When asked
about their reading behavior, 25 participants (i.e., 62.5%) responded that they
read a few times a week or (almost) daily. In terms of their previous experience in
argumentation, rhetoric or something related, 25 participants reported to have
either participated in organised debates or taken courses in a related field.

4.2 Apparatus and Material

In the experimental setup, eye-tracking data was captured with a Tobii Pro
Fusion 120Hz eye tracker and subsequently recorded and analyzed using iMotions
software.

Annotation guidelines. We use two sets of guidelines for the purpose of
this experiment. The first guideline is minimal and contains a definition of the
quality dimension clarity [41]. The second guideline is extended and in addition
to the minimal guideline contains a brief introduction to sufficiency and three
examples for argumentative texts - two negative examples [34], one positive
example was added by us to account for findings in prior work [45,10]. Here,
it is noteworthy that examples are not always available within the annotation
guidelines used in CA.

Annotation scale. While relative annotation has yielded overall the high-
est agreement scores in the related literature, prior work (e.g., [13,21]) has also
pointed out that in order to be able to offer detailed feedback to learners, it is
essential to create fine-grained annotation that depicts nuances in the argumen-
tation quality. Therefore we adopt an interval scale from 1 to 3 [41,7].

Data. There seems to be no consensus in the field in regards to the optimal
text length for arguments. In some cases annotators have scored longer argu-
ments as be better [43,34], in others a negative correlation between the text
length and the assigned quality score was discovered [35,10]. Our selection of
texts is based on their classification as argumentative (i.e., at least containing
premises on a defined topic) and prior findings that medium length texts are most
preferred by annotators. We make use of texts published in the UKP-ConvArgl
Corpus [15]. As the original dataset was extracted from online discussions, the
topic and the stance are predefined, thus not explicitly included in the argu-
mentative text itself. Finally, we selected a topic that all participants would be
familiar with (i.e.,“T'V vs. books”) to account for the importance of being familiar
with the topic.

4.3 Procedure

Our experiment follows a randomised crossover design, where participants are
exposed for all study steps, but in a different order. Through this we aim to
avoid a familiarity bias® in regards to the definitions of the individual quality

4 A potential carryover effect, which may be introduced when annotators are affected
by their prior experiences and knowledge rather than strictly following the currently
relevant guidelines only.
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dimensions. To account for the familiarity with the annotation process itself,
we rotate the order of appearance of the two guidelines for each participant.
In addition, we change the quality dimension to be annotated (i.e. clarity and
sufficiency) with each style of guidelines. Through this we create two versions
(i.e., A and B), which are then randomly assigned to and equally distributed
across the participants.

o
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Welcome and Segup gnd inroducon Guidelines Annotation of NASA-TLX Domain-specific F’ost-E;gperin?ent
Consent Form Calibration N Texts Questionnaire Questionnaire

Fig. 1: Overview of the steps of the experiment.

The steps of the experiment are as follows (see Figure 1). First, the prin-
cipal investigator welcomes one participant at a time and introduces them to
the study steps. Next, a calibration for the eye tracking setup is executed. Fol-
lowing, the participant reads an introduction, which briefly introduces them to
the study content and their task (i.e., annotation of argumentative texts). In two
iterations, the participant is presented with one guideline at the time (i.e., either
the minimal or the extended), then is asked to annotated 10 arguments, to fill
out a NASA-TLX questionnaire and to answer domain-specific questions, which
address (i) whether the participant perceived the guidelines as sufficient for the
completion of the task, (ii) whether it was difficult to follow and understand the
guidelines, (iii) whether they found any information to be missing in the guide-
lines, which could have been helpful for the task, and (iv) whether they believe
that other people would have assigned the same scores to the texts. Lastly, after
the second iteration, the participant is asked to fill out a post-experiment ques-
tionnaire, which focuses on the comparison between the two annotation guideline
styles and on collecting demographic data about the individual participant.

5 Results

We excluded 16 participants from the eye tracking analysis due to the low quality
of their gaze recording, yet we considered their responses in the survey parts of
the experiment. We observed an offset in the gaze path of 10 of the remaining
participants (e.g., the gaze path was located 30 pixels higher than the text itself).
We manually corrected the y-axis of the gaze paths to match the first line on
the “Introduction”step of the experiment and applied the same offset across the
entire gaze record of each affected participant. Coincidentally, this left us with
12 participants, who were assigned version A (i.e., minimal guidelines followed
by extended guidelines) and 12 participants, who were assigned version B (i.e.,
extended guidelines followed by minimal guidelines).
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5.1 Reading Behavior

To better understand how annotators read the guidelines we first looked at the
time each participant required to read them. We compared the durations for the
minimal guideline (i.e., Minimal) and the extended guideline (i.e., Extended)
to the Introduction page (i.e., intro) as a baseline. In addition, we considered
the average expected reading speed for non-fiction English texts of 238 words
per minute [4]. The majority of the participants spent less time than the average
reader on the intro, but spent more time on the guidelines pages. We hypothesise
that this could be due to the various nature of the texts - the guidelines being
more complex and essential for the next steps of the experiment than the intro
text.
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Fig. 2: Dwell time spent on reading each line of the respective text per participant
normalised by the number of words per line. The red line depicts the median
and the blue dots depict the first lines of each new paragraph.

Here, eye tracking allows us to break down the time spent per text down
to time spent on individual lines of the text with the help of areas of interest.
Figures 2a, 2b, and 2c¢ represent the dwell time in seconds per participant and
line number for the intro, the minimal guideline, and the extended guideline
respectively. We calculated the mean slope in dwell times using a one-sample
t-test for the extended guidelines to be -0.094, which means that participants
sped up and spent less time as they progressed through the lines (i.e., dwell
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time decreased per line). Note that we normalised the durations per line by the
word count of each line. This negative slope is statistically significant (p<0.001),
therefore the trend is unlikely to be due to chance. The same tendency was found
for the intro text (p<0.001 and a mean slope -2.834), indicating that participants
spent the most time in the beginning of the text. Both of these results align with
prior findings in the literature, which conclude that readers pay more attention
to the beginning of a paragraph [6]. However, we did not discover any significant
difference between the reading speed per line when participants were reading
the minimal guidelines (p=0.269). The discrepancy between the intro text and
the minimal text may once again be due to the difference to how important
participants perceive the individual texts to be.
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Fig. 3: The smoothed mean pattern of dwell time across text lines in the extended
guidelines. The purple vertical lines indicate the first line of a new paragraph
and the green ones the beginning of the paragraphs of the examples. The orange
and purple dots indicate the peaks (i.e., longer dwell time) and the dips (i.e.,
shorter dwell time).

In addition to the tendency of annotators to spend less time per line as they
progress through the extended guidelines, we discover noticeable peaks when
annotators reach the beginning of each of the three examples in the guideline text
(see orange dots in Figure 3), indicating an increased attention. Simultaneously,
dips in the dwell time and thus attention can be observed as the participants pass
the middle of a longer paragraph (see purple dots). We calculated the significance
of the behavioral change per paragraph (longer than 2 lines). The three examples
display a clear significance in the decrease in attention. In the beginning of the
text (i.e., up until line 8), the participants seem to rather maintain their focus.
Interestingly, the attention rather increases in the paragraph, which precede the
examples (i.e., lines 8-10). This could be the result of the normalisation of the
dwell duration by the word count per line, which was necessary in order to allow
for comparability. In the extended guideline text, the lines 10 and 36 consist of
1 and 2 words respectively. Similarly, the first lines of each example text (i.e.,
lines 11, 19, and 25) contain the words “Example n:”. It is noteworthy that the
observed slopes retain their relevance even if one would decide to remove the
first lines of the example texts.
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Answer to RQ1: The observed results show that the focus of annotators
decreases significantly throughout the process of reading a single text / webpage.
However, our findings indicate that the attention may be better maintained when
annotators are presented with shorter paragraphs (i.e., more interruptions in the
text) rather than lengthy ones. Annotating texts is a cognitively demanding and
thus tiring task. We suggest that future work experiments with alternative and
more interactive methods such as using gamification or including a training step
prior to the actual annotation, which offers feedback to annotators on their
accuracy. We acknowledge that the later may be a conflicting suggestion for ar-
gument quality dimension, which are inherently subjective (e.g., persuasiveness),
yet could be beneficial for the more objective ones (e.g., clarity of writing).

5.2 Cognitive Demand

The complexity of the extended guideline is also reflected by the self-assessment
of the participants using NASA-TLX. The boxplots in Figures 4a and 4b depict
the responses of the participants in respect to the individual dimensions split
based on the experiment version (i.e., A or B) that they were randomly assigned.
The selected scores do not differ significantly between the two used versions,
meaning that they were not dictated by the order of familiarisation with the
two guidelines (i.e., minimal and extended). When inspecting the six individual
dimensions, we found a significant difference between the scores assigned for
the perceived mental demand. Participants found the extended guideline to be
significantly more mentally demanding than the minimal guideline.

In regards to the guideline preference, 15 out of the 24 (or 62.5%) partici-
pants with high quality eye tracking responded that they prefer the extended
guideline. Across all 40 participants 22 (or 55%) preferred the extended guide-
line, indicating no significant difference between the two guidelines. The added
comments in the post-experiment survey allow us to understand the reasoning
behind the participants’ choices.

Version Vers\cn
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Mental Physical Temporal Performance Effort Frustration Mental Physical Temporal Performance Effort Frustration
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(a) Minimal guideline (b) Extended guideline

Fig.4: NASA-TLX score distributions for the minimal and the extended guide-
line (per Version)
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We discovered that 9 of the 18 participants (50%) who preferred the minimal
guideline do so due to the quality dimension addressed in it (i.e., clarity) and
their personal familiarity with it. A similar case can be observed for the extended
guideline, where 5 out of the 22 ( 22.73%) participants preferred the sufficiency
quality dimension due to its general relevance and deeper dive into the argu-
mentativeness of the texts. The remaining comments reveal that the minimal
guideline was preferred by participants, because it is much shorter, quicker and
easier to understand. Other participants disliked that it felt too generic, vague,
leaving space for individual interpretation, requiring them to trust their own
judgment and thus feeling more subjective.

On the contrary, most of the positively perceived aspects of the extended
guideline were related to the detailed and clear explanation of the quality di-
mension, the availability of concrete and various examples, and thus the avail-
ability of a sufficient base for the assessment task. It is noteworthy that such
positive comments about the extended guideline were also made by participants
who ended up selecting the minimal guideline as preferred due to other factors
such as its simplicity or the personal familiarity of the quality dimension. Ac-
cordingly, downsides of the extended guideline are that it requires more reading
and thinking.

Answer to RQ2: The results from the NASA-TLX questionnaire clearly in-
dicate that the extended guideline is perceived by the participants as more men-
tally demanding. However, the comments left by the majority of the participants
also show that they acknowledge the complexity of the task and consequently
feel more prepared for it after taking the time to familiarise themselves with the
detailed guideline and its examples. The lack of availability of experts in the
field has been reported by researchers in the past (e.g., [10]). Therefore many of
the available datasets in the field have been annotated using crwodsourcing. Yet,
to achieve a high-quality annotation we need to ensure that the non-experts are
familiarised with the essential concepts in the field, which makes the use of long
and complex guidelines almost inevitable. Our experiment demonstrates that
the use of multiple examples that cover all available labels (i.e., high, medium,
and low quality) is perceived as helpful by annotators. To reduce the cognitive
demand of the task, future work can experiment with different annotation se-
tups, which break down long text into smaller chunks that are easier to process.
Similarly to the suggestions made in Subsection 5.1, we suggest experimenting
with interactive approaches.

5.3 Focus Maintainability

Next, we assess how long annotators cam work on a task before their attention
begins to significantly drop. We use the reading duration per page (normalised
by the word count) as a proxy for the attention or effort of participants [40].
Figures 5a and 5b depict the durations in seconds per word for each page that
the annotators viewed for the participants in version A and B respectively. We
observe that the duration begins to significantly decrease earlier for the group
which first assesses using the minimal guideline - at the 5th text (i.e., glt5) -
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and slightly later - at the 7th text (i.e., g2t7) - for the other group. In both
versions the participant with the latest significant decrease in attention can be
found only after the second guideline was introduced. Another similarity is that
the median “first drop” for both differs only by one text. Lastly, both figures
depict a slight relative rise in the duration for the sixth argumentative text in
a row (i.e., glt6 and g2t6). We hypothesise that this is related to the change in
stance, which happens after every 5 tests. Here once again we can make use of
eye tracking for further insight.
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Fig.5: Time spent per text normalised by the number of words for the partici-
pants for each of the experiment versions. The abbreviations e.g. “glt1” represent
guideline (i.e., g) 1 text (i.e., t) 1. The red lines indicate the median duration as
a reference. The purple dots depict the first significant reduction in the reading
duration for each participant (for p<0.05), and the orange x-mark depicts the
median first drop.

As there are certain elements that are repeating across the text assessment
pages, we controlled for the change in dwell time for the elements that depict
the “Stance” and the “Topic” of each text. In both versions A and B, the dwell
time on these elements drops significantly after participants move from the first
text to the second text. The dwell times only increase when the stance changes
(i.e., at the 6th text for each guideline) and then drops again afterwards. Due
to this behavior of ignoring parts of webpages that appear to not be changing,
we recommend that minor changes throughout the annotation process that are
essential should be displayed in a manner that cannot be overseen, such as by
using a pop-up window or a separate intermediary page that explicitly states
that a change is in place from the given moment onward.

Answer to RQ3: In our experiment setting we observe a significant decrease
in the time spent per page / text as annotators progress in the annotation task.
This change can be observed on average after 9 texts. Our findings indicate
that participants ignore repeating elements (e.g., the definition of the stance)
very early on, sometimes beginning already upon the second appearance of the
elements. Similarly, a repetitive task such as the assessment of one text after
the other, seems to be leading to a decrease in the time spent on a text and
thus the maintained focus on the task. To maintain the focus of annotators
we recommend for annotation settings to be created in a more dynamic and
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interactive manner, which keeps the focus of annotators high with the help of
external impulses. However, it is essential to consider that this may also result
in a cognitive overload, if applied with a high frequency. Future work should
consider how annotators handle various types of external impulses and for how
long they would be able to maintain their focus prior to exhaustion.

6 Conclusion

This work provides an insight into the potential benefits of the use of eye tracking
for annotation in the field of CA. Our findings indicate that the attention of
annotators rapidly and significantly decreases, if not maintained or demanded
by the use of textual features such as new shorter paragraphs or changes in
content (e.g., the appearance of an example after a theoretical explanation). On a
bigger scale, eye tracking can demonstrate changes in attention which is essential
throughout the entire annotation process. Thus, changes in the annotation setup
can be helpful in re-capturing the focus of annotators. Our experiment further
provides a positive insight on the use of detailed guidelines, which on the one side
are perceived as mentally more demanding, on the other side are acknowledged
by annotators to be more helpful for the task at hand. By successfully answering
three of our research questions, we demonstrate that the bridge between the
disciplines can offer answers to open questions in the field. Further, by utilising
eye tracking as a gateway to the mind, we open a new path for the research in
CA to explore subjectivity in the assessment of arguments.

We acknowledge that such study can be done with more quality dimensions
and different types of texts, yet this was beyond the scope of our funding and
equipment availability. Lastly, it is mention-worthy that different quality dimen-
sions may come with their own challenges, making them potentially more difficult
to work with and annotate. Therefore, the use of different quality dimensions for
the different guidelines may have an effect on the results. We aimed to account
for this influence by combining the use of the eye tracking data with the available
questionnaire responses.

Acknowledgments. This study was funded by the Behavioral Lab of the University
of St. Gallen.

Supplemental Material. The experiment data as well as further details can be found
at rivanova.org/its2026
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