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Abstract. This study proposes utilizing affinity networks to characterize writ-
ing profiles by examining pausing behavior during writing tasks. Data from 34
participants was collected using Inputlog. Pauses were used to create visibility
graphs, and the resulting graph metrics were used to build an affinity network.
The network was then analyzed to group writers based on their pausing behav-
ior. Results indicate that this method can be used to identify different writing
profiles of writers with distinct proficiency in text production. Future research
should investigate if changes in pausing behavior can improved writing profi-
ciency.

1. Introduction

Numerous methods exist for analyzing writing proficiency. One such method involves
using keystroke logging to capture writers’ behaviors. Specifically, pauses captured dur-
ing keystroke logging may indicate moments of higher cognitive load, such as during
planning or revision [Medimorec and Risko 2017]. Comparing the pausing behavior of
writers at different levels of proficiency can provide valuable insights into writing cog-
nitive processes (e.g., [Shen and Chen 2021]) and inform the development of effective
writing instruction strategies.

One challenge in analyzing pausing behavior during writing tasks is the vast num-
ber of data points collected from each participant. We propose using visibility graphs
[Melo et al. 2017] to analyze pausing behavior during writing, as this approach allows
for consideration of all data points and provides a technique for describing pausing be-
havior in detail. The visibility graphs are created from the unevenly-spaced time series
formed by the consecutive pauses between writing-related events.



Moreover, we propose utilizing metrics derived from the visibility net-
works as ‘genes’ for each writer’s ‘chromosomes’ to construct an affinity network
[Monteiro et al. 2014, Monteiro et al. 2015]. In affinity networks, vertices are connected
based on their degree of similarity. Thus, writers with similar pausing behavior are con-
nected, forming communities based on their shared characteristics.

The objectives of this study are (1) to demonstrate how visibility graphs, gener-
ated from unevenly-spaced time series of writing-related pauses, capture differences in
pausing behavior among different writers and (2) to investigate how the identification of
communities in an affinity network suggests differences in writing profiles among indi-
viduals.

2. Related Works
To the best of our knowledge, no published study has employed visibility graphs or affinity
networks in investigating writing processes. By contrast, several studies have focused on
analyzing pauses during the writing process to better understand the cognitive processes
involved. A brief review of the literature was conducted by using the string ‘(“pauses”
OR “pausing behavior”) AND “writing”’ in the Google Scholar search. Articles were
selected from their titles and abstracts according to their relevance for the discussion of
pausing behavior in the investigation of writing and the use of keystroke logging data as
part of the method. Some of these studies are summarized in sequence.

[Alves et al. 2008] investigated the cognitive processes related to writing
and found that planning and revising were predominantly activated during pauses.
[Medimorec and Risko 2017] studied pauses during writing tasks using keystroke log-
ging data and discovered that they “. . . are related to various aspects of writing, regard-
less of transcription fluency and genre” (p. 1267). They also identified that the location
of pauses is significant, with pauses more frequent at paragraph boundaries than at sen-
tences or word boundaries, indicating that pauses are linked to cognitive processes such
as sentence and text planning, as well as lexical access. [Guo et al. 2018] investigated
pauses occurring between the typing of two characters of a word and found that it is
significantly associated with human scores. [Conijn et al. 2019] compared features from
keystroke logging data across different writing tasks with different associated cognitive
loads and discovered significant differences, suggesting that these features capture dif-
ferences in cognitive demands. Finally, [Valenzuela and Castillo 2022] investigated dif-
ferences in pausing behavior across communicative purposes (to persuade and to inform)
and reading media (print and digital) at three stages of writing (beginning, middle and
end) and found that pausing behavior does not change across reading media, but the com-
municative purpose interacts with the stage of writing, with longer pauses observed at the
end of the writing process when the communicative purpose was to persuade compared
to inform. Overall, these studies provide valuable insights into the relationship between
pausing behavior and cognitive processes during the writing process. However, a full sys-
tematic review of the literature could shed more light on these discussions and, thus, is a
suggestion for future studies.

3. Materials and Methods
We obtained keystroke data from 34 university students at PUC-Rio using Inputlog
[Leijten and Van Waes 2013]. The data collection was part of a project that received ap-



proval from the PUC-Rio Ethical Review Board under opinion number 2016-09. The
participants were 17 writing tutors (undergraduate students with high writing skills) and
17 undergraduate students with writing difficulties. They were asked to write a text on the
theme “Money and happiness” during a 50min writing session. We used the XML files
from Inputlog general analysis output, one file for each participant, each one containing
from 1683 to 5814 events (M = 3377.09, SD = 1116.56). The events logged by Inputlog
are mouse (e.g., clicks and movement) and keyboard events (e.g., keystrokes).

Time series were created from the pause duration of the events by using the order
of the event and its duration. This method results in unevenly-spaced time series in which
the duration between events is abstracted and the order of the event is instead used as the
event index [Aris et al. 2005].

3.1. Visibility Graphs
A graph G = (V,E) is a mathematical structure formed by two finite sets, with V
being the set of vertices and E the set of edges formed by binary relations over V
[Gross et al. 2019, p. 2]. In this study, graphs are not allowed to have self-loops or mul-
tiple edges. A visibility graph is a graph constructed from a time series according to the
visibility criteria defined by [Lacasa et al. 2008] and described by [Melo et al. 2017]. To
test the criteria, each point in a time series is considered a vertex in the visibility graph.
Then, two vertices Va and Vb are connected if vb−vc

xb−xc
> vb−va

xb−xa
, where xa and xb are the

respective positions of Va and Vb in the time series, va and vb are their respective values
and Vc is a third vertex with position xc between them, and value vc.

The time series of pause times were converted to visibility graphs and for each one
we calculated the following metrics: (1) Modularity (Q) [Newman 2004], which is given
by Q = 1

2m

∑
ij

(
Aij − kikj

2m

)
δ(ci, cj) (we used the Louvain method [Blondel et al. 2008]

to maximise the modularity); (2) Number of communities (Nc), found with the Louvain
method [Blondel et al. 2008]; (3) Average degree (⟨k⟩), given by ⟨k⟩ = 1

n

∑n
i=1 ki, where

ki is the degree of vertex i, and n is the number of vertices in the network; (4) Density (∆),
given by ∆ = 2m

n(n−1)
, where m is the number of edges and n is the number of vertices in

the network; and (5) Clustering coefficient (Clust). Considering Γi the subgraph formed
by the neighbors of vertex i and their connecting edges, nΓi

the number of vertices in this
subgraph (i.e., the number of neighbors of i), mΓi

the number of edges connecting them,
and n the number of vertices in the network, Clust is given by Clust = 1

n

∑n
i=1

2mΓi

nΓi
(nΓi−1)

.

3.2. Affinity Networks
We represent affinity networks as weighted graphs in which vertices correspond to entities
and edges indicate their similarity. In this study, the entities are writers and their similarity
is based on pausing behavior during a writing task. We constructed an affinity network of
writers with the following steps. Each vertex, representing a writer, was associated with
a single chromosome with five genes, which are the metrics obtained from the visibility
graphs (Q, Nc, ⟨k⟩, ∆ and Clust) rounded to two significant figures. Two vertices in the
network were connected if they shared at least one common gene.

4. Results and Discussion
As shown in Figure 1, the affinity network of the participants consisted of three communi-
ties that indicate different pausing behaviors. The two largest communities have unequal



proportions of tutors and students: tutors make up 67% of the community shown in green
and only 31% of the other, shown in red. However, this difference is not statistically sig-
nificant according to a Chi squared test with α = .5 (X2(1, N = 28) = 3.59, p = .058).

A

A

A

A

A

A

A

A

A

A

A

A

A

A

A

A A

B

B
B

B

B

B

B

B

B

B

B

B

B

B

B

B

B

P1
P2

P3

P4

Figure 1. Affinity network of writers who participated in this study. The vertices
with label ‘A’ correspond to the students and those with label ‘B’ corre-
spond to the tutors. The colors indicate the communities found. P1 to P4
were selected to further analysis.

From the degree distribution of the network, we identified one outlier vertex with
degree 1. This vertex, labeled P1 in Figure 2, was selected for further analysis along with
the vertices with the highest degree in each community: P2 (the highest-degree vertex in
the network), P3 and P4. Table 1 shows their chromosome values.

Table 1. Chromosome values for participants P1, P2, P3 and P4

Participant Group Q Nc ⟨k⟩ ∆ Clust
P1 A 0.71 12 15.0 0.0087 0.85
P2 A 0.85 18 10.0 0.0032 0.82
P3 B 0.88 16 11.0 0.0032 0.83
P4 B 0.87 19 10.0 0.0024 0.81

Figure 2 illustrates the time series and visibility graphs used to compose the chro-
mosomes values in Table 1. Considering the results in [Valenzuela and Castillo 2022], we
considered the beginning of the writing process as comprised of events with normalized
event index in the interval

[
0, 1

3

)
, the middle in the interval

[
1
3
, 2
3

)
and the end in the in-

terval
[
2
3
, 1

]
. Participant P1’s time series has shorter pauses in the beginning and middle

segments and one long pause in the end segment, resulting in a denser visibility graph with
fewer communities. Participant P2’s time series, on the other hand, has longer pauses in
the beginning and middle segments and shorter pauses in the end segment. This suggests,
for example, that P1 revised only at the end of the writing process while P2 revised at
earlier stages. Both P3 and P4’s time series have longer pauses in all three segments, but
P3’s data has more pauses with normalized duration greater than .25, for example. This
difference may reflect different revision strategies as well as sentence planning or lexical
access processes.
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Figure 2. Pausing behavior of four writers represented by time series and visibil-

ity graphs.

5. Final Remarks
This study demonstrated how visibility graphs can capture differences in pausing behavior
among writers and how affinity networks can indicate differences in writing proficiency
based on pausing behavior. The results suggest that the metrics from visibility graphs may
be effective in distinguishing different writers. Moreover, the communities in the affinity
network implied that tutors and students had different pausing patterns that may relate to
their writing proficiency, but this difference was not statistically significant and requires
further investigation. This study was limited to pausing behavior and future studies could
include more genes and chromosomes with additional writer characteristics to create more
comprehensive writing profiles. Additionally, this study considered a single writing task
with a particular group of participants. The results must be replicated with different writ-
ing tasks and different participants in order to be validated appropriately. Also, future
studies could analyse writing process and product data together to better examine the link
between pausing behavior and writing proficiency.
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