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Writing and collaboration are crucial skills in professional and academic settings. However, assessments of
collaborative writing often focus only on the final text, overlooking individual contributions and the diverse
strategies students employ during the writing process. To support teachers in interpreting and assessing
student behaviour, we propose analysing writing data at a granular level, down to individual characters,
and using user sessions as observation units to capture coherent interaction patterns. This paper introduces
three methods for identifying interaction patterns in collaborative writing. The first method classifies session
types by analysing features such as writing, reading, and communication behaviours, session length, and the
number of group members collaborating synchronously. The second method identifies frequent sequences
of session types by examining their order, enabling process analyses at an abstract yet manageable level
compared to using log data. The third method focuses on text-level collaboration by evaluating the frequency
of text passage modifications made by the original author or other group members. This approach quantifies
individual collaboration and, at the group level, identifies isolated versus closely connected group members,
shedding light on the mode of collaboration and degree of group cohesion.

We demonstrate these three methods in a case study involving two cohorts, K4 = 294 and Kg = 242
groups of up to 9 learners (N4 = 1,848, Np = 1, 463). The interaction patterns identified using these methods
are intended to help teachers understand collaborative writing processes and identify situations where the
participating learners require support.
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1 Introduction

In recent decades, synchronous and asynchronous collaborative writing has become a common
practice for knowledge workers [7, 30, 40]. Higher education institutions, therefore, incorporate
collaborative writing into their curricula (e.g., [49]), recognising it as essential preparation for
academic and professional endeavours involving textual work. Collaborative writing assessment
predominantly focuses on the final text [31, 56], overlooking individual contributions and the text
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creation process. However, students engage in text production with varying levels of involvement
and employ diverse strategies [33, 43, 56].

Teachers must clearly understand student activities during collaborative writing to assess perfor-
mance and identify support needs [18, 48, 56]. Ignoring individual contributions and the collabora-
tive process limits their ability to detect and address problematic writing behaviours of individuals
and within groups. This challenge increases in large classes with multiple groups or in distance
education, where monitoring is particularly difficult. As a result, teacher support is often restricted
to final assessments, missing opportunities for timely intervention during the writing process.

As a prerequisite for supporting teachers in interpreting and assessing student behaviours, such
behaviours must be identified. In this paper, we, therefore, explore the central research question
(RQ) of methods for identifying interaction patterns in collaborative writing. In CSCW, interaction
patterns are recurring user behaviours when engaging with a system, including actions, reactions,
and decisions in computer-mediated peer interactions [9, 25].

Research indicates that specific activity sequences recur during writing processes, enabling
the identification of interaction patterns in collaborative writing processes [32]. Understanding
these patterns requires analysing both individual and group-level writing processes. A suitable
observation unit is crucial for capturing coherent interaction sequences [22]. We propose using
individual user sessions, encompassing the actions performed within a session. This approach
follows a three-step procedure:

(1) Classifying individual user sessions in collaborative writing: Individual user sessions are
more common during complex tasks or extended collaboration with limited synchronous meetings.
Classifying sessions into types based on recurring action patterns helps identify interaction trends.
These session types (ST) offer a framework for analysing collaborative writing behaviour, including
communication, coordination, and synchronous activities. This enables teachers to provide targeted
support, fostering productive collaboration and mitigating sessions with less productive patterns.
Thus, the first research question arises:

RQ1: How to classify individual user sessions in collaborative writing into session types?

(2) Identifying frequent sequences of session types: Collaboration over an extended period
typically involves multiple sessions, which can be categorised as outlined in step (1). These sessions
may follow various paths towards achieving the overall goal. Understanding the recurrent sequences
of these sessions is crucial for gaining insights into the collaborative writing process. By analysing
the sequence of user sessions, teachers can identify group interaction patterns in how learners of a
group coordinate their efforts, distribute tasks, and progress through a sequence of user sessions of
the same or different types. The second research question is therefore:

RQ2: What frequent sequences of user sessions exist in collaborative writing?

(3) Determine collaboration on text-level: Analysing individual text contributions and text-based
group interactions is essential to understand how members support each other and work towards a
common goal in text production. Examining these dynamics helps teachers to determine whether
the process reflects true collaboration or consists of separate individual efforts.

Therefore, the third research question is formulated as follows:

RQ3: How can the extent to which learners genuinely collaborate in writing a text together be
determined?

Answering these RQs is a prerequisite for supporting teachers in identifying problems in group
writing processes, providing appropriate interventions (such as feedback and instructions), and
measuring their interventions’ success.

Existing approaches to analysing collaborative writing often overlook communication and
coordination interactions [8, 33, 43] and insufficiently differentiate between synchronous and
asynchronous collaboration [8] (RQ1, RQ2). Moreover, they rarely utilise fine-grained text-level
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interactions to identify meaningful interaction patterns (RQ3). The multidimensional nature of
collaborative writing processes has not been effectively aggregated at the level of natural working
units, such as user sessions (RQ1, RQ2). Additionally, prior attempts to identify interaction patterns
have been constrained by limited empirical data [8, 33, 41, 43, 56] (RQ1-3). Consequently, these
approaches failed to comprehensively capture and analyse interaction patterns in collaborative
writing activities.

We propose the concept of interaction patterns to describe the interplay of group members’
activities in creating a final text. Section 2 reviews related work to identify gaps and building blocks
for analysing writing processes. Section 3 introduces new methods to measure and analyse individ-
ual and collaborative writing, enabling the identification of interaction patterns and problematic
behaviours. Section 4 evaluates these methods through a case study of two large distance learning
courses. Finally, we conclude with a discussion on the potential educational applications of our
findings.

This paper presents new methods to identify interaction patterns in collaborative writing and
their application in a case study of two large distance learning courses. CSCW/L researchers can
use these methods to analyse group behaviour, while tool developers can leverage the measures
and algorithms to create dashboards and awareness widgets. Teachers implementing collaborative
writing projects may use these metrics to better support students needing additional assistance.

2 Related Works
2.1 Benefits and Challenges of Collaborative Writing in Education

For group learning, synchronous writing holds particular relevance. First, written text remains the
dominant form of knowledge representation in teaching and learning [21]. Second, group members
can work on documents simultaneously and coordinate their actions with other participants through
the support of synchronous group awareness [13]. Third, collaboration in text production leads to
improvements in content [31], expression [54], complete task fulfilment [44], fewer grammatical
errors [44, 54], and shorter texts [44].

Collaborative writing groups in distributed learning settings should jointly produce a text
matching the requirements of a teacher’s task (e.g. [23, 31]). Teachers often assume that group
writing functions smoothly and that the collaboration environment sufficiently supports the group’s
collaborative writing. However, teachers can only verify this occasionally for a small number of
groups [23]. The extent to which there are problems with collaboration and a group is therefore
not working and support is required cannot be verified by teachers with the help of common
collaborative writing tools (e.g., Google Docs [2]). Referring to Hoppe et al. [19], inactivity is
the most important indicator of inefficient group work. Straul and Rummel [45] also mentions
other problems that frequently occur in learning groups and are probably also encountered in
collaborative writing. However, which information helps teachers interpret collaborative writing
situations is still an open question [48].

In addition to the challenges mentioned above, which are due to a lack of monitoring, there are also
difficulties in assessing individual performance. Collaborative writing assessment predominantly
focuses on the final text [31, 56], overlooking individual contributions and the text creation process.
Like other collaborative learning activities, students engage in text production with varying levels of
involvement [19] and employ diverse strategies [32, 33, 55]. This oversight in assessment practices
limits teachers in evaluating individual group members’ participation and learning progress and
from identifying issues arising from individual and group dynamics. These challenges increase
with the number of groups and participants, making assessment of large numbers of collaborative
writing groups more difficult.
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2.2 Analysis of individual writing process

Writing process analytics aims to extract implicit knowledge about the temporal dynamics of
the writing process from the sequences of user activities related to text revisions [43, 51, 56] and
activities that accompany writing [19, 55]. Text revisions are either triggered by the user (e.g.,
[43, 51]) or triggered automatically by the system during the ongoing writing process. This results
in differences in the granularity of the units considered in analysing a writing process. Revisions
triggered by the user affect a variable number of text sections. Editing processes within a revision
are not recorded, so the process analysis must be based on comparisons of versions of the text
defined by the revisions (e.g., [22, 26, 43, 51]). The revisions triggered by the system are more
continuous and concern short text sections of usually a few consecutive characters. A process
analysis can thus be based on more continuous and fine-grained activity logs. However, these
fine-grained logs are often inaccessible in frequently studied platforms like Google Docs [20, 43].

One simple methodological approach for analysing the writing process is to describe the activities
for fixed periods using suitable metrics (e.g., number of text changes) and observe their changes
over time [51]. Also, prior works that utilised information visualization techniques aggregate data
to represent the process of collaborative learning [41, 43, 51], e.g., revision graphs or topic evolution
graphs.

The temporal organization of user activities is reflected in sequences that may serve as conceptual
units of analysis for understanding work routines in online knowledge collaboration. Analysing
these activity sequences’ distribution, evolution, and impact can enhance theories of online collective
action, distributed work, and shared governance [22]. Sequence mining methods help to discover
patterns across time or position in a given dataset of activity sequences. In sequence mining,
the order of activities is essential. Consequently, possible permutations of the activities must be
considered as potential candidates for frequently occurring sequences. To prevent less significant
or noisy activities (e.g., long rows of scroll events) leading to less meaningful or biased patterns,
an attempt is made to classify activities before the sequence mining. For instance, Hoppe et al.
[19] grouped activities into coordination tasks, inactivity, monitoring, and minor and major text
contributions.

For the identification of frequent sequences, methods like PrefixSpan [34] and FPgrowth [15] are
utilised. However, these methods can only be used efficiently up to a specific sequence length and
number of sequences.

In addition to searching for patterns, another approach is quantifying the similarity of pairs of
sequences and identifying clusters of similar sequences (and thus similar user behaviours) using
similarity matrices Hoppe et al. [19]. However, the methods used to determine the similarity of
two sequences (e.g., Levenshtein distance [24]) are weak, as they only assume similarity if there is
no temporal offset between two identical subsequences. Consequently, this method is only suitable
for highly aggregated, coarse-grained activity sequences.

Another important line of research employs Markov chains to model transitions between states
of user activities (e.g., [1]). In a first-order Markov model, the future state depends only on the
current state, ignoring the sequence of preceding states. Higher-order Markov chains address
this limitation by defining states as combinations of n consecutive first-order Markov states [11].
Consequently, a future state is determined by a sequence of n preceding activities, providing a
more nuanced understanding of activity transitions. In contrast, the number of states exponentially
increases, and some transitions are unlikely to be observed in smaller datasets.

Apart from these methodological limitations, another critical challenge is the lack of empirical
studies that utilise large datasets for process analysis [33, 41, 43]. Identifying statistically reliable
process patterns requires a substantially larger sample size, including more groups and participants.
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Moreover, these patterns are heavily influenced by contextual factors such as the specific group
task, the number of (active) group members, and the duration of the task or observation period
[20]. Addressing these gaps is essential for advancing the robustness and generalizability of process
analysis in collaborative settings.

This paper aims to extend existing approaches in analysing writing processes by identifying
frequent sequences of user session types. We consider sessions as a natural and comprehensive unit
of observation that covers all user activities supported by the collaborative writing environment,
including communication and coordination tasks, which are often overlooked. This aggregation of
data simplifies the interpretation of session type sequences. Additionally, we propose an efficient
sequence mining method capable of identifying the most frequent session type sequences, even
when dealing with large numbers of sequences from longer collaboration periods.

2.3 Analytics of collaborative writing processes

The analysis of collaboration processes has a long tradition in CSCL (e.g., [12, 17, 38]). The analysis
of learning processes has been heavily influenced in recent years by research in the field of Learning
Analytics, with collaborative learning playing only a minor role [52]. An example of joint research
in CSCL and Learning Analytics is provided by Hoppe et al. [19], who analysed activity sequences
in collaborative writing groups by aligning and clustering common activities. Another instance is
the work of Perera et al. [36], who employed sequential pattern mining techniques to identify best
practices among students collaborating on software development projects.

Graph representations for groups are commonly used in CSCL/CSCW and learning analytics.
Suthers and Rosen [46], for instance, described the relationships of logged events in a collaboration
space as contingency graphs. They assumed that relationships between events are contingent
or incidental to the situation rather than causal or deterministic. They distinguished several
contingency types, such as media contingency, where an event is connected to an object that
another person previously manipulated. Similarly, topic-based collaboration networks have been
proposed by Southavilay et al. [43]. Students represented as nodes in the network are connected if
they contribute text to the same topic. These graph representations are commonly used for Social
Network Analysis (SNA) [16, 50] and for pattern detection within these networks [14]. Zhang and
Chen [56] applied SNA to collaborative writing by representing the relative number of written
words through the size of the graph nodes. The links between the nodes indicate the number of
revisions of words written by another group member. However, these text-level interactions have
only been presented to students (N=26, groups of 4-6 students) in a group dashboard and have not
been used as a research method to analyse collaborative writing.

Another strand of research examined collaborative writing processes to identify writing strategies.
Onrubia and Engel [33] observed six small student groups performing a writing task and identified
five writing strategies related to writing processes and four phases of collaborative knowledge
construction. Zhang [55] analysed conversations and produced texts of 35 dyads of learners engaged
in a collaborative writing task to determine individual comparative involvement in major aspects
of the task. Through cluster analysis, five collaboration types were identified, each representing
a distinct interactional pattern regarding pair member engagement. However, these strategies
are derived from small samples and therefore have been analysed qualitatively. Olson et al. [32]
analysed the data traces of collaborative writing from 96 documents produced in Google Docs by 32
groups of 4-5 students in three different cohorts of a project management class. By examining the
documents, their revisions, and derived multi- and single-author sessions, they analysed various
working styles, evidence of leadership, and the balance of participation. External graders scored
the quality of the documents, revealing that document length, leader presence, and balance of
participation were directly related to quality.
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The studies discussed highlight various aspects of collaborative writing strategies and patterns.
However, the reliability of these findings is limited due to the relatively small sample sizes and
specific contexts. A significantly larger number of groups and participants is necessary to identify
statistically reliable collaboration patterns. The current research presents a need for broader studies
to enhance the generalizability of these findings across diverse writing tasks and educational
settings. Moreover, prior research on text-level collaboration has relied on broad, asynchronous,
and (user-led) revision-based analyses rather than examining changes at or near the character level
that help to identify synchronous and asynchronous collaboration.

3 Classifying individual user sessions in collaborative writing

Collaborative writing environments, such as Google Docs or Etherpad Lite [47], enable users to
create and edit shared documents collaboratively. These environments allow users to access content,
position their cursors, and modify text through actions like adding, deleting, or changing properties.
Many also support commenting on marked text. While asynchronous editing is possible, shared
editors excel at synchronous collaboration by enabling concurrent access and providing group
awareness features, such as user lists, remote cursor displays, and colour-coded text contributions,
for coordination.

From the system’s perspective, collaborative writing is a sequence of user actions on the shared
document at specific times. The system maintains a detailed log of these actions, which can be
replayed to trace document development. Each log entry typically includes a timestamp, user ID,
action type, and action parameters, forming the foundation for logfile-based analytics.

For the presented method, the log data is grouped into user sessions. A user session represents a
time-bound sequence of activities in the collaborative writing environment, described by the log
data captured during that session. Sessions start after and end before a defined minimum period of
inactivity (e.g., 30 minutes). Grouping user activities into sessions contextualises actions within
specific timeframes, capturing bursts of focused effort and enabling a clearer understanding of
user interactions. They naturally align with task-based activities, making it easier to evaluate
collaboration efficiency and individual contributions.

Features regarding writing, reading, and communication behaviours can be extracted from each
user session. Writing activity features include the frequency and amount of text added, removed,
and formatted. Reading activity is measured by the frequency of scroll events in the text window
and the number of text lines scrolled. Communication activities are represented by the frequency,
overall text amount, average text amount of chat messages, comments anchored in the text, and
comment replies. In addition, the session length is considered by features expressing both the
text per time added to (or removed from) the document and the text written for communication
purposes. Notably, the number of characters entered per unit of time provides insight into whether
the text was copied from another location or composed within the editor. Sessions that exceeded or
fell short of the mean session length plus or minus three times the standard deviation should be
excluded as outliers.

We use clustering methods like k-means [27] to identify natural groupings and patterns in the
session data. Clustering is an unsupervised learning method that does not require labelled data,
making it particularly valuable when predefined session categories are unavailable [42, 53]. Manual
labelling of sessions would not be feasible for large amounts of data. The goal is to uncover hidden
patterns or groupings within the data. By analysing multiple features and describing each session,
clustering can simultaneously consider these dimensions. This allows for identifying sessions with
similar behavioural characteristics, even in complex feature relationships.

Grouping sessions into clusters simplifies the dataset by reducing complexity, enabling a more
straightforward analysis of trends and behaviours. Instead of analysing individual session features,
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clustering considers the overlapping characteristics that many user sessions share. Thus, the
clustering approach helps to understand the complex interaction of individual features while still
allowing a comprehensive but understandable set of features to be considered. These clusters can
highlight different types of user behaviour, such as engaged users, casual users, or explorers. The
insights gained from such analysis can inform strategies for personalisation, design improvements,
or targeted interventions.

Additionally, clustering can help detect rare but important behaviours, such as operating errors,
unusual user journeys, or unique user segments. These insights can be critical for refining teaching
instructions and enhancing user experiences.

The resulting types of user sessions offer insights into common interactions during user sessions.
The frequency and distribution of these session types provide valuable information on how individ-
ual groups and individual group members collaborate on text production. It is possible to estimate
the extent to which the identified session types are conducive and desirable to collaboration.

4 ldentifying frequent sequences of user sessions in collaborative writing

In the previous section, user sessions were classified into different session types. We assume that
typical users work over a longer period of time with phases of inactivity, leading to multiple
sessions. We also assume that sequences of these sessions can be assigned to various session types
and that there is a certain likelihood that one session type is followed by another. Consequently,
specific sequences of session types are more likely than others. These sequences differ in their
likelihood, length, and order of session types.

Especially longer sequences cannot be identified using Markov chains or state transition charts
[28]. Instead, algorithms for frequent sequence mining (e.g. [15, 34]) are better suited for this
purpose. However, known representatives of these algorithms, such asPrefixSpan [34] and FPgrowth
[15], require a lot of resources and computing time. Given our specific application, we present
a modified method (Algorithm 1) that delivers valuable results quickly and without extensive
computational resources.

Algorithm 1: Identify frequent sequences of session types for given sequence length and
minimum support

Input :states, state_transitions, min_length, max_length, min_support
Output:Updated states

1 if max(str_length(states)) > max_length then
2 L return(states);

w

for i < 1 to length(states) do
4 if str_length(states [i]) > min_length then
last_item <« substr(states [i], str_length(states [i]), str_length(states [i]));
targets < subset(state_transitions, from == last_item and prob > min_support);
for j «— 1 to length(targets) do

if length(targets [j]$to) > 0 then
L L states «— append(states, paste@(states [i], targets [j]$t0));

(3}

© ® N &

10 return(unlist(states));

For this reason, we implemented an algorithm that determines candidate sequences of a fixed
length, considering probable transitions between pairs of items.
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In the first step, the probability of transitioning from one session type to another has to be
computed. Transitions with a probability below a defined threshold (e.g., 0.05) should be omitted to
improve clarity.

Second, based on the probabilities for the transition between session types, candidate sequences
of a defined length (e.g., 2 to 10) whose successive transitions have a probability above a specified
threshold (transition support) are determined. Thus, the number of theoretically possible sequences
gets reduced to a manageable number of probable sequence candidates.

Third, to determine the most frequent sequences, the support measure is employed for each
candidate sequence. The support is defined as the proportion between the number of sequences
containing a specific sequence and the number of all sequences. It ranges from 0 to 1, where 0
means that the sequence did not occur, and 1 indicates that the sequence occurred in all activity
sequences.

Finally, the algorithm outputs a list of frequent sequences within the given range of sequence
length, sorted by the corresponding support in descending order.

In practice, frequent sequences can be computed for multiple groups (e.g., a cohort), individual
groups, and individual group members. This approach allows for identifying frequent and, thus,
dominant sequences of session types. In particular, it becomes possible to determine whether
session types deemed less conducive to learning occur consecutively or are interspersed with
desired session types. Additionally, frequent sequences can be analysed over time to evaluate the
progression of collaboration.

5 Collaboration on Text-Level

The third method presented in this article aims to determine the extent to which learners genuinely
collaborate in writing text together. This method is based on three key aspects. The first aspect
considers the specific location in the text where a group member made a change. The second aspect
focuses on the context of the text at that position, including which group member last inserted
characters immediately to the left and right of the edit. The third aspect considers the complete
history of editing operations, analysing how many edits each group member has made adjacent to
characters written by others. These network analysis methods provide insights into collaborative
text editing dynamics on individual and group levels.

5.0.1 Preprocessing of changesets. A detailed record of change operations is needed as a precondi-
tion for this method. Modern collaborative writing environments track individual or successive
change operations in so-called changesets. A changeset is defined as the smallest set of subsequent
text change operations stored by the collaborative writing environment to enable revisions and
track individual contributions to the text. Change operations include adding and removing one or
many characters. On average, a changeset affects two characters [5]. When text is pasted from the
clipboard into the text, the changeset contains the entire pasted text. In addition, text formatting
operations are also stored as a changeset.

Using changesets, it is possible to determine who contributed a character or a sequence of
characters to the document at any given moment. To apply the method presented here (see Fig-
ure 1), for each changeset, the author of the adjacent left and right characters of the inserted or
removed character in the current version of the document is identified. This involves counting how
often someone has changed the document at a position where the neighbouring characters were
previously contributed by the same or another group member. Simultaneously, it is counted whose
text was supplemented or deleted by another group member. As described in Algorithm 2, these
processing steps are repeated for every changeset, thus every change made to the text.
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Users' interactions on text-level
Evolving text changes made by three users (U1, U2, U3) incl. number of ¢

The fox jump over the dog. u1su1
The guick fox jumps over the dog. U2-U1 U2-U2

The quick brown fox jumps over the loafing dog. U3-U1 U3-+U2 U3-SU3
The quick brown fox jumps over the lazy dog. U2-U1 U2-U3 U2-Uu2

CSCW 286:9
Characters Number of i Graph representation of
changesets } interactions on text-| Ievel
26/0 CL\J 1 <—U2
7/0
14/0
5/7 U3

Fig. 1. Schematic example of how three users (U1, U2, U3) make changes to a text. Text changes are recorded
as changsets and counted as interactions at text-level so that these interactions can be represented as a graph.

Algorithm 2: Process text changes and compute author relationships

input :A data frame data_set with columns group_id, author_id, line_position, and

text_changes
output: Author relations concerning text changes

1 groups « distinct(data_set, group_id)

2 for j « 1to length(groups) do

3 group_id < groups[j]

4 group «— filter(data_set, group_id)

5 max_lines « max(group[line_position])
6 char_authors « 1ist(0, max_lines)

// Iterate changesets of a group
7 for i « 1to length(group) do

8 changeset « group|[i]
9 text_length < changeset[text_changes]
10 start_pos « changeset[line_position]
11 end_pos « start_pos + text_length
12 left_neighbor « char_authors[start_pos]
13 right_neighbor « char_authors[start_pos + 1]
14 author_relations « append(group_id, author_id, left_neighbor, right_neighbor)
// Update text additions and deletions
15 if changeset[text_changes] > 0 then
16 i « start_pos
17 while i < end_pos do
18 append(char_authors, i, author_id)
19 L ie—i+1
20 if changeset[text_changes] < 0 then
21 i < start_pos
22 while i < end_pos do
23 remove(char_authors, i)
24 L i—i-1

5.0.2 Graph Measures on Individual and Group Level. Using the preprocessed changesets, it is
possible to quantify students’ text-related collaboration on individual and group levels. Therefore,
the results of the preprocessed changesets are represented in an adjacent matrix, whose rows and
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left neighbor author blank\ peer
right neighbor author peer blank author peer blank author peer blank

degree self  out  self self  out  self out out out

Fig. 2. Determination of self-degree and out-degree based on the authorship of characters to the left and
right of the location where the text change occurred.

columns represent the group members. Each cell indicates the number of relationships between a
changeset author (column) and the person whose text is adjacent to the position of the changeset
(row). From this adjacent matrix, the pairwise relationships of group members are represented in a
weighted graph G = (S, L), where S is a set of nodes representing students s in the group, and L is a
set of paired and directed links. Each link [ {s, s,} represents an editing operation of student s
directly next to the text formerly added by s,.

To characterise the graphs, three basic network analysis metrics are used at the individual level
to describe the degree of collaboration: First, selfdegree is the number of writing operations the
author uses on the text written by this author. Secondly, the outdegree is the author’s number of
writing operations on text written by another author. Third, the indegree is the number of writing
operations other authors have performed on the author’s text. The distinction between selfdegree
and outdegree is shown in Fig. 2, e.g., if the character left to the position in the text was written by
the author but the right neighbouring character by a peer, then the current text change is added to
the outdegree. For these three measures (selfdegreejength, outdegreejength, indegreejength), the
number and length of affected characters are also determined.

As a result, these graph metrics make it possible to characterise the collaboration between the
group members when creating the text. For example, it is possible to identify group members who
have been writing text without contributing to the text of the other group members (sel fdegree > 0,
outdegree = 0). It is also possible to identify those group member who have hardly written any
longer texts of their own (low selfdegree) but who have extensively revised their peers’ texts
(high outdegree). It can also be determined whether the collaboration between pairs was based
on reciprocity (outdegree > 0 and indegree > 0) or whether one person gave help rather than
receiving it (outdegree > 0, indegree = 0).

At the group level, the number of active group members (activeMembers) and, thus, the group
size is determined first. The outdegree and indegree of the group members are used to decide
whether they received no, little, average, or a lot input on their texts (noReceiver, lowReceiver,
mediumReceiver, highReceiver) or whether they contributed nothing, little, average, or a lot to
the texts written by their team colleagues (noHelper, lowHelper, mediumHelper, highHelper).
The assignment is based on the quartiles Q1-Q4: little (Q1), average (Q2+Q3), and a lot (Q4). In
addition, the graph of a group is used to determine isolated nodes as isolated Member for which
the outdegree and indegree are equal to zero. In contrast, closeCouples have a particularly close
relationship, where the mutual outdegree has a value in the 4th quantile range, indicating a strong
reciprocal relationship in writing. looseCouples have a low-level relationship on both ties (1st
quartile of the outdegree) and averageCouples have a medium relationship with an outdegree in
the second or third quartile.
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Table 1. Participants

Cohort, Year N Gender (%) Age (%)

Female Male n/a <=130 > 30 n/a
A, 2021/22 1,848 71.5 27.4 3.9 52.9 43.8 3.3
B, 2022/23 1,463 67.3 31.4 1.3 52.7 46.8 0.5

These metrics on the group level enable comparisons across groups, in particular, to identify those
groups that require attention because of unequal participation of group members. For example,
groups can be identified in which one or more people write in isolation from the other group
members (isolatedMembers > 0) or do receive no or little help from others (noReceivers > 0,
lowReceivers > 0).

6 Case Study

The applicability of the three methods presented above is demonstrated below using a case study
with two cohorts.

6.1 Methods

6.1.1 Participants and Setting. The data used for this study were collected during the same first-
year course at a distance-learning university over two consecutive years. Over this period, the
course and its structure remained unchanged. By including two distinct cohorts from the two years,
we aim to replicate our results. The course was part of a compulsory module of the Bachelor’s
degree program in psychology at a large distance-learning university. Students could enrol in the
course every semester of their choice. Consequently, it is not unusual for many students to enrol in
the course but not complete it within the same semester.

Demographic information of the participants is shown in Table 1. Although the course language
is German and a good command of this language is assumed, a diverse cultural background can be
presumed [49].

Students were informed about data protection and the content and duration of data collection
and provided written consent for participation according to the EU General Data Protection
Regulations and research ethics guidelines by the American Psychological Association and the
German Psychological Association. The local ethics officer approved the data collection.

Students were randomly distributed into groups of up to nine members, although not all later
actively participated in group activities. The group’s task was to summarise a scientific article.
Collaborative activities were divided into two phases (T1 and T2), each lasting three weeks. In
the first phase, the theory and methodology section of the article had to be summarised, while
the second phase focused on summarising the results and discussion. The collaboration occurred
entirely online, utilising tools provided by the Learning Management System (LMS) Moodle [29]
and Etherpad Lite for joint learning and writing. Teaching was conducted entirely online.

6.1.2 Collaborative Writing Environment and Data Collection. Within the Moodle LMS, each group
was allocated an individual collaborative writing space, referred to as a group instance. This space
allowed members to contribute to the shared document, annotate text sections, and communicate
via text chat. The group instance consists of an instance of Etherpad lite and a group instance
database, separated per group as Docker containers for better maintainability and performance.
Additionally, participants could utilise a forum within the Moodle course for broader discussions in
the entire class.
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Fig. 3. Screenshot of the collaborative writing space provided in Moodle LMS using the collaborative writing
(mod_cwr) plugin and Etherpad lite

Table 2. Collected data of both cohorts

Cohort Period Participants Groups Changesets Scroll Comments Chat
Events
A T1 1,848 294 2,010,044 685,446 1,960 3,056
A T2 1,842 294 1,466,667 596,578 1,670 3,892
A Total 3,476,711 1,282,024 3,630 6,948
B T1 1,463 242 1,287,409 460,173 1,061 1,616
B T2 1,403 242 900,305 292,214 532 439
B Total 2,187,714 752,387 1,593 2,055

Student interactions with the collaborative writing environment were collected in the LMS
Moodle and the collaborative writing tool (Etherpad lite) in the form of event logs (e.g. ’event
id’, ’student id’, group id’, ’course id’, ’type of learning action’, ’text change set’, timestamp’).
Table 2 gives an overview of the number of events captured. The system architecture for large-
scale collaborative writing and analytics is described in [5]. To implement further monitoring
functionality, an Etherpad Lite Tracking Plug-In [5] was developed to log the following events for
each user: (1) the student’s connection times to the Etherpad Lite server, (2) the times in which
the browser tab containing the Etherpad Lite editor is focused or not by the user, respectively, (3)
the event when the student opens or closes the Etherpad Lite chat, (4) changes in the scrolling
positions in the text document, and (5) the scrolling positions in the chat.

All data generated by the respective Etherpad Lite, including data from the additional Track-
ing Plug-In and Annotation Plug-In [5] is persisted in the group instance database, which was
implemented using the document-oriented database management system (DBMS) CouchDB.
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6.1.3 Classification of User Sessions. In total, 16 features have been extracted for each user session
(Table 3). The features consider all available log data from Etherpad and Moodle related to the
collaborative writing environment. They cover session length, concurrent users, text contributions,
reading activity, and communication in terms of chat and discussion posts. In addition to the
number of activities, their extent (e.g., scrolled lines, removed characters) and extent over time
were considered.

We used k-means [27] as a clustering method to identify natural groupings and patterns in the
session data. The number of clusters was determined by the distortion score and silhouette score
[37]. The silhouette score measures how similar an object is to its cluster compared to others. It
ranges from -1 to 1, with higher values indicating better-defined clusters. The distortion score is
the mean sum of data points’ squared distances to the cluster’s centre.

Table 3. Features used for clustering user sessions

Feature Description Value range
concurrent_users Number of users simultaneously online [1N]
session_length Session length in minutes [O,N]
text_added Number of characters added to the text [0,N]
text_removed Number of characters removed from the text [0,N]
text_formatting Number characters formatted in the text [0,N]
text_added_pm Number of characters added per minute [0,1]
scroll_count Number of scroll activities [O,N]
scroll_length Number of lines scrolled in all scroll activities [0,N]
scroll_length_pm Number of scrolled lines per minute [0,1]
discussion_count Number of discussions [0,N]
discussion_total_length Number of characters written in the discussion [0,N]
discussion_total_length_pm Number of characters written in the discussion per [0,1]
minute
chat_count Number of chat messages [0,N]
chat_total_length Number of characters written in the chat messages [O,N]
chat_total_length_pm Number of characters written in the chat messages [0,1]
per minute

6.1.4  Frequent Sequences of Session Types. To apply the method proposed in section 4, sequences
of session types have been compiled for every user (e.g., “ST3, ST1, ST1, ..., ST4”). To mark the
boundaries of the sequence, an element has been added to the beginning and end of a sequence
(e.g., “START, ST3, ST1, ST1, ..., ST4, END”). Then, the transition probability for all pairs of session
types, including boundary markers, was computed. In the first step, the probability of transitioning
from one session type to another was computed for the whole population and terciles of group
sizes (2-6, 7-8, and 8-10 persons). Transitions with a probability below 0.05 have been omitted to
improve clarity.

In the second step, based on the probabilities for the transition between session types, we
determined all candidate sequences of lengths 2 to 10 whose successive transitions have a probability
above a defined threshold value of 0.01 (transition support). Third, to determine the most frequent
sequences, the support measure has been employed for each candidate sequence. The support is
defined as the proportion between the number of sequences containing a specific sequence and the
number of all sequences. It ranges from 0 to 1, where 0 means that the sequence did not occur, and
1 indicates that the sequence occurred in all activity sequences.

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW 286. Publication date: November 2025.



CSCW 286:14 Seidel et al.

6.1.5 Collaboration on Text-Level. Changesets in Etherpad lite are decoded with the EasySync
Protocol [3]. As a first step, the changesets had to be decoded to obtain information on the type of
change operation (add, remove, format), the position of the change (line number, line position),
the affected characters, and their length. Then, the relationship of the group members could be
computed using Algorithm 2. Graphs were constructed for each group based on these relationships.
In these graphs, the nodes represent individual group members, while the directed edges signify
interactions. Specifically, an edge points from one group member to another when they edit text
adjacent to a character written by the latter. The network metrics shown in Table 4 have been
calculated from each graph.

Table 4. Network metrics on individual and group level

Metric Description Value range

outdegree [0,N]

indegree [0,N]

noReceiver If a member’s indegree is equal to zero. true/false

lowReceiver If a member’s indegree is a value in the 1th quantile range. true/false

mediumReceiver If a member’s indegree is a value in the 2nd or 3rd quantile true/false
range.

highReceiver If a member’s indegree is a value in the 4th quantile range. true/false

noHelper If a member’s outdegree is equal to zero. true/false

lowHelper If a member’s outdegree is a value in the 1th quantile range. true/false

mediumHelper  If a member’s outdegree is a value in the 2nd or 3rd quantile true/false
range.

highHelper If a member’s outdegree is a value in the 4th quantile range. true/false

activeMembers ~ Number of individual members who have shown any activity. [0,N]

isolatedMember Number of members where outdegree and indegree are equal [1,N]
to zero

looseCouple Number of members being part of a pair whose mutual [1.N]
outdegree is a value in the 1th quantile range.

averageCouple ~ Number of members being part of a pair whose mutual [1,N]
outdegree is a value in the 2nd or 3rd quantile range.

closeCouples Number of members being part of a pair whose mutual [1,N]
outdegree is a value in the 4th quantile range.

6.2 Results

The results were computed using partly parallelised R routines, executed on an Apple M1 MacBook
Pro with 8 CPU cores, 8 GPU cores, and 16 GB RAM. Each cohort took about four hours to complete.
The entire code used for the analysis and the resulting data are available as open source and publicly
accessible under https://github.com/CATALPAresearch/cscw2025-collaborative-writing-patterns.

6.2.1 Classification of User Sessions (RQ1). For k ranging from 2 to 20, we used a silhouette analysis
[37] to find the best k representative clusters for the supplied dataset, using measurements of the
average distance inside the clusters and the average distance between the clusters. For k = 6, the
best result was obtained (silhouette_scores = 0.14, silhouette_scoreg = 0.25, distortion_scores =
31.0, distortion_scorep = 16.6). To keep the clusters consistent across multiple executions of the
code, a seed value was used instead of a random initialisation of k-means.
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Table 5. Session types and their features for cohort A

Cluster ST1, ST24 ST34 ST4, ST54 ST64
Sessions (%) 16.79 1.87 3.00 67.45 3.24 7.65
Groups (%) 99.66 46.44 87.80 100.00 52.54 97.63
User (%) 83.89 19.60 33.99 99.41 32.02 62.48
Concurrent users 1.29 5.47 1.59 1.10 5.18 1.51
Session length 24.51 103.80 103.36 2.48 31.71 57.4
Text added 200.58 399.96 1614.90 13.96 71.84 671.87
Text removed 67.86 211.66 483.16 5.36 33.35 214.36
text formatting 1.52 3.69 10.93 0.13 0.64 4.52
Text added/minute 8.49 3.83 16.30 3.26 2.33 12.51
Scroll count 46.46 266.69 146.08 11.32 61.23 91.12
Scroll length 499.43 3026.34 1674.85 121.10 695.80 1001.96
Scroll length/minute 23.21 30.51 16.68 96.93 27.34 18.36
Discussion count 0.19 0.31 0.61 0.02 0.03 0.41
Discussion length 16.63 19.81 55.07 1.37 1.09 41.49
Discussion length/minute 0.77 0.19 0.57 0.28 0.04 0.79
Chat count 0.15 2.10 0.78 0.02 0.71 0.52
Chat length 18.49 104.73 69.03 2.33 37.44 43.80
Chat length/minute 0.85 0.94 0.66 0.53 0.99 0.76

As shown in Table 5 and Table 6, the size of the clusters is represented by the relative number of
user sessions ranging from 3.00 % to 67.45 %. A significant portion of participants (9.45 % — 99.41 %)
performed the session types identified. These session types occurred in at least a quarter of the
groups.

In the following, we identify the characteristics of the 6 session types and assign them charac-
terising names. It is noteworthy that these session types could be identified in both cohorts. The
matching between the session types of both cohorts is based on similar feature ranges.

Brief solo writing sessions (ST14, ST1p) are characterised by a low session length and moderate
text changes. Here, individuals work alone (lowest no. of concurrent users), focusing on short, solo
writing tasks. Minimal discussion and chat activity suggest focused, individual work without much
collaboration.

Intensive collaborative sessions (ST2, ) are distinguished by the most concurrent users, indicating
significant collaboration. Session length and text changes per user are high, showing substantial
engagement with content. High scrolling and chat activity indicate dynamic interaction and
communication among participants.

Observing collaborative writing sessions(ST2g) are similar to ST24 but show no text editing
activities while a lot of communication is taking place.

In-depth individual writing sessions (ST34, ST3p) feature the highest amount of text added and
removed, suggesting intense writing and editing. Though the no. of concurrent users is low,
indicating primarily individual work, the high text formatting and discussion length indicate
detailed, thoughtful engagement with the task.

Quick review sessions (ST44, ST4p) are characterised by the shortest sessions and minimal or
no text changes, reflecting quick reviews or checks rather than active writing. Almost all users
participate in such sessions, making it the most common but least engaged activity type.
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Table 6. Session types and their features for cohort B

Cluster ST1p ST2g ST3p ST4p ST5g ST6p
Sessions (%) 18.12 1.48 3.19 65.2 3.2 8.82
Groups (%) 96.91 26.91 71.09 99.82 36 93.09
User (%) 70.21 9.49 21.68 96.97 19.72 48.98
Concurrent users 1.24 3.89 1.97 1.11 5.17 1.35
Session length 23.85 95.14 96.58 2.72 33.76 53.45
Text added 204.55 0 1375.58 27.96 75.51 499.91
Text removed 68.02 0 447.93 11.03 43.51 159.95
Text formatting 15 0 8.94 0.27 0.68 3.4
Text added/minute 8.87 0 15.29 17.11 3.33 10.04
Scroll count 23.92 290.98 25.45 6.73 33.47 41.52
Scroll length 251.01 3045.34 269.6 69.28 348.59 438.59
Scroll length/minute 11.55 34.21 2.69 48.3 12.62 8.36
Discussion count 0.07 0.44 0.08 0.01 0.05 0.13
Discussion length 7.15 32.9 11.43 0.67 3.74 13.7
Discussion length/minute 0.34 0.4 0.11 0.14 0.09 0.26
Chat count 0.05 0.88 0.09 0.01 0.19 0.12
Chat length 7.13 65.53 10.1 1.25 10.34 13.91
Chat length/minute 0.31 0.64 0.1 0.33 0.23 0.27

In shallow collaboration sessions (ST54, ST5g) the number of concurrent users is similar to
ST24/ST2p, but the cluster is marked by a lower number of chat and discussion activities while
having moderate reading and low to zero writing output. Despite the high number of concurrent
users, these sessions seem less productive.

In productive writing and discussion sessions (ST6 4, ST6p) writing is balanced with communication,
evident from substantial text changes and moderate discussion/chat lengths. This looks like a blend
of individual writing with moments of collaboration, indicative of sessions that alternate between
focused writing and team discussions.

6.2.2  Frequent Sequences of Session Types (RQ2). Table 7 shows frequent sequences of session types
that could be identified by at least one-quarter of the students. A huge portion of frequent sequences
is identical for both cohorts. Only a few session types appear among the frequent sequences. ST4
(Brief solo writing sessions), as the most frequent session type, occurs in every sequence listed
in Table 7. Most users also start their collaborative activities with ST4. Solo writing sessions (ST1)
often followed ST4 or preceded them. In cohort A, ST6 (Productive writing and discussion sessions)
are also followed by ST4.

6.2.3 Collaboration on Text-Level (RQ3). On the individual level, a strong correlation between
the self-degree and out-degree could be determined (r4 = .97,rg = .96, p < 0.0001). With a high
self-degree, the out-degree increases less strongly. Group members who write extensively still
collaborate significantly with their peers, but not to the same extent as they edit their text.

Due to the task’s voluntary nature at the group level, the number of active group members
varied between 2 and 9. Although contributing to the other’s text, 85 (A) and 89 (B) group members
received no help from their teammates at the text-level. In contrast, 55 (A) and 57 (B) group members
did not help others despite benefiting from the edits made by their team members. A total of 29 (A)
and 33 (B) group members wrote the text in isolation from the other group members (Fig. 5).
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Table 7. Frequent session type sequences in cohort A and B with support (Sup) greater than or equal to 0.25
and a sequence length (L) between 3 and 6.

Sequences in cohort A L Sup Sequences in cohort B L Sup
ST4>ST4>ST4 3 0.74 ST4>ST4>ST4 3 0.54
ST4>ST4>ST1 3 0.61 START>ST4>ST4 3 0.41
START>ST4>ST4 3 0.60 ST4>ST4>ST1 3 0.40
ST4>ST4>ST4>ST4 4 0.57 ST1>ST4>ST4 3 0.38
ST1>ST4>ST4 3 0.55 ST4>ST1>ST4 3 0.37
ST4>ST1>ST4 3 0.54 ST4>ST4>END 3 0.36
ST4>ST4>ST4>ST1 4 0.46 ST4>ST4>ST1>ST4 4 0.26
ST4>ST4>ST1>ST4 4 0.43 START>ST4>ST4>ST4 4 0.26
ST4>ST1>ST4>ST4 4 0.41 ST4>ST4>ST4>ST1 4 0.25
ST4>ST4>ST4>ST4>ST4 5 041 ST1>ST4>ST4>ST4 4 0.25
ST1>ST4>ST4>ST4 4 0.40 ST4>ST1>ST4>ST4 4 0.25
START>ST4>ST4>ST4 4 0.39
ST4>ST4>END 3 0.37
ST4>ST4>STé6 3 0.36
ST4>ST6>ST4 3 0.34
ST4>ST4>ST4>ST4>ST1 5 0.32
ST6>ST4>ST4 3 0.31
ST4>ST4>ST4>ST1>ST4 5 0.31
ST4>ST4>ST4>ST4>ST4>ST4 6 0.30
ST4>ST4>ST1>ST4>ST4 5 0.29
ST4>ST1>ST4>ST4>ST4 5 0.29
ST1>ST4>ST4>ST4>ST4 5 0.29
ST4>ST1>ST1 3 0.26
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Fig. 4. Dense network of group members showing Fig. 5. An intensively collaborating group with one
intensive mutual text editing isolated group member

Couples are assumed when two group members edit each other’s text. Concerning the maximum
number of possible couples, only 45.7 % (A) and 45.1 % (B) of them could be identified in the groups.
Thus, less than half of the possible relationships with another group member were reciprocal. Of
the identified couples, a share of 21.2 % (A) and 20.9 % (B) showed low interaction with other group
members (1. quartile). As depicted in Fig. 4, most couples worked very closely (4. quartile, close
couples, A: 29.3%, B: 29.3 %) or at least more closely (2. and 3. quartile, average couples, A: 49.5 %,
B: 49.8 %) together on the text. Despite significant overall text production, there were no instances
of pairs assisting each other in only 12 (A) and 10 (B) groups, respectively.
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6.3 Discussion

This case study aimed at exploring learners’ interaction patterns in collaborative writing. We
employed clustering based on similar user sessions to answer this question by considering features
describing the writing, reading, and communication activities in synchronous and asynchronous
sessions of various durations. Based on these session types, we derived recurrent sequences of
session types. Furthermore, we adapted network analysis to the text-level to identify collaborative
writing patterns. Two extensive datasets about an educational writing task have been used to
demonstrate the applicability of the methods presented in section 3-5. The results of the analyses
based on these three methods and the two data sets are discussed in the following.

6.3.1 Classification of User Sessions (RQ1). We found 6 clusters of user sessions that vary in
frequency depending on time, group, and individual. These 6 clusters are nearly consistent across
the two cohorts and can be found in almost all groups and a large proportion of learners. Thus, we
assume these session types are stable patterns regarding the particular type of task. The share of
individual session clusters on the overall number of sessions may vary depending on particular
instructions (e.g., about how and when to collaborate) and additional collaboration support provided
by the collaborative writing environment (e.g., daily reports summarising the contributions group
members made).

Concerning related works investigating collaborative writing patterns and strategies [8, 18, 20],
we have been able to include asynchronous and synchronous writing, including text contributions,
reading, time spent, and communication behaviour into the analysis.

The extent to which the provided communication facilities are used depends on the groups’
needs to accomplish coordination tasks. For instance, it might be possible to discuss how to split
work in a group of three using a text chat. Still, it becomes challenging in a group of six people
without the possibility of audio or video chat.

The frequency of session types occurrences can serve as an indicator of the roles individual group
members take. For instance, we can observe whether they actively participate in collaborative
sessions, contribute significantly, engage in discussions or tend to be more reserved. Based on the
relative frequency of the session types, the preferred behaviours of group members can be identified.
These individual tendencies can also be used to assess the state of the group’s collaboration and
group progress. The current status and progress are observable on both individual and group levels.

One might argue that individual session features could be analysed separately. However, this
approach would overlook the overlapping characteristics within the six clusters. For example, one
might focus on the duration of synchronous collaboration or the amount of text produced, but
not see whether synchronous collaboration coincides with high or low text production. Thus, the
applied clustering approach helps to understand the complex interaction of individual features
while still allowing a comprehensive but understandable set of features to be considered.

In practice, user sessions can be continuously assigned to one of the identified session types. The
frequency of session type occurrences can be provided to individual group members to support
reflection about group processes. In addition, teachers could be informed about emerging session
types.

Future research is necessary to identify and compare session types that occur under different
conditions (e.g., task type, group size, task duration, and rich media communication).

6.3.2  Frequent Sequences of Session Types (RQ2). Brief solo writing sessions (CS4) are both cohorts’
most frequent session types. In addition to subsequent ST4 sessions, there are also Solo writing

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW 286. Publication date: November 2025.



Detecting Interaction Patterns in Educational Collaborative Writing CSCW 286:19

sessions (ST1) interwoven. While solo writing characterised session sequences in cohort B, co-
hort A with Productive writing and discussion sessions shows at least some frequent synchronous
collaboration between solo writing sessions.

Although Etherpad Lite offers the option of synchronised collaboration, the texts were usually
produced in a sequence of individual sessions. Collaboration is, therefore, predominantly asynchro-
nous. Several studies have shown that asynchronous collaboration in writing can be effective and
efficient [18, 19]. The network analysis results about the collaboration on the text-level confirm
this assumption for most participants.

It becomes apparent that the writing process mainly involves short and successive individual
work steps (ST4). This way of working could be associated with review and coordination tasks,
especially in larger groups, that require checking progress and agreed-upon contributions. It
raises the question of whether the group members could also obtain this information via other
communication channels. However, it cannot be ruled out that these short sessions also express a
certain hesitation in developing the text further and thus increase the intensity of text production.
This could indicate deficits in the coordination of group tasks, such as a lack of task distribution and
effective time management. However, the teacher could support group coordination tasks through
specific instructions.

Regarding the further improvement of the collaborative writing environment, special attention
should be paid to supporting asynchronous group awareness [35]. In addition to the existing
supporting instruments (e.g., timeline, activity log), Schitmmer and Lukosch [39] proposed periodic
reports (e.g., daily/weekly emails about relevant progress information), change indicators (e.g.,
mark text sections that changed since the last session), and aliveness indicators (e.g., visualise
group members’ recent amount of text contributions) to support asynchronous awareness.

To promote synchronous collaboration, teachers could emphasise its benefits and suggest strate-
gies for groups to achieve this (e.g., weekly jourfix, writing tandems).

6.3.3 Collaboration on Text-Level (RQ3). The findings suggest that the methods employed can
be applied to (1) pinpoint groups facing problems writing together and (2) inform teachers or
groups about the issues at hand, enabling interventions by either instructors, automated agents, or
self-regulation by the groups themselves through improved group awareness support. Furthermore,
these findings could facilitate a comprehensive analysis of the underlying causes of issues within
challenging groups, for instance, by enhancing task instructions or refining the design of the
collaboration environment to include more effective awareness cues.

The 85 (A) and 89 (B) group members who have not received help on the text-level appear to be
many. The extent to which someone receives help with writing from other group members depends
on their own text contributions. So if they write early and a lot, they have a higher chance of their
texts being supplemented or updated by others. Besides this temporal effect, a low text contribution
and conflicts among group members cannot be ruled out as a reason for receiving no or little help.

The possibility of helping others to write also requires that others have already written something.
Other reasons for providing no or little help can be seen in the limited and very time-limited
collaboration or a too strict division of tasks. Teachers could address the non-helping person
directly to prevent this and encourage more effective collaboration. Addressing reciprocity, e.g., in
a group dashboard [10], is another strategy. Group members are more motivated to help others
when they become aware that others have already assisted them.

There may be several reasons why some learners wrote in isolation from their group members.
On the one hand, there may have been temporal reasons, i.e., one-off text contributions were made
very early or last. On the other hand, we could observe a strict division of tasks. The extent to which
internal group conflicts contributed cannot be determined based on the data analysed here. Even
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if only a small proportion of learners wrote the text in isolation, it indicates a need for action by
teachers, who should ensure that all group members work together on the text. A teacher dashboard
could be useful to increase teachers’ awareness of these learners [48]. We have already developed
prototypes that visualise the network metrics for many groups and users. Future research could
investigate the interventions teachers derive from a teacher dashboard indicating these issues and
whether and how these interventions result in behavioural changes in the students’ collaborative
writing process.

The existence of closeCouples indicates well-functioning collaboration across many groups.
Since closeCouples imply a symmetry of individual contribution, Burkhardt et al. [6] refers to it as
a dimension to measure the quality of collaboration. However, close collaboration between more
than two group members has been observed but not fully analysed. Also, the temporal aspects and
modes of synchronous writing are worth analysing in more detail. Referring to Voltmer et al. [49],
heterogeneous sociodemographic characteristics may have been conducive to establishing close
collaborations.

We empirically refined the writing strategies proposed by Hoffmann et al. [18] (summative
and integrative text construction) as collaborative writing patterns. We identified and visualised
collaboration at the text-level using a similar approach to Chen et al. [8]. Additionally, we applied
network measures to describe collaboration at the individual and group levels, enabling us to
identify dysfunctional groups. Compared to Hsu [20], who (manually) identified communication
patterns occurring during collaborative writing activities, our approach includes writing activities
that were not part of the group members’ communication. We, therefore, cover the entire writing
process through an automatic analysis, but ignore communication so far.

The presented methods have been applied to analyse the collaboration during the processing of
a learning task. There is no reason why these methods should not be used to analyse collaborative
writing activities unrelated to learning.

6.3.4 Limitations. The methodology used in this paper is applicable for analyzing and describing
collaborative writing activities. However, several limitations of this case study should be consid-
ered. These limitations can be categorized into three main areas: participant-related constraints,
methodological constraints, and technical limitations.

Participant-Related Constraints. A key limitation concerns the experience and formation of
the student groups. First, as the participants were first-semester students, they had little prior
experience in collaborative writing and received no specific training in this regard. This may have
influenced both their writing behaviour and their ability to effectively engage in the collaborative
process. Additionally, group formation was random, increasing the likelihood of mismatches
between members. Unlike naturally formed groups based on relationships or shared interests, some
participants may not have been well aligned in terms of collaboration styles, potentially impacting
group dynamics.

Methodological Constraints. Several methodological limitations stem from the nature of the
study design and data collection approach. While well-defined in terms of expected results, the
group task remained open-ended regarding the process to achieve those results. This variability in
approach may have led to differences in collaboration strategies, making direct comparisons more
challenging. Furthermore, the clustering of user sessions relied on each participant generating a
significant number of interactions. This requirement, in turn, was dependent on the study setting,
which needed to involve (i) a sufficiently extensive, (ii) freely coordinated, and (iii) a longer-lasting
task to provide meaningful data. Another methodological limitation is that the study did not
analyze external communication. Since students may have coordinated outside the collaboration
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platform—through email or messaging apps—important aspects of their teamwork might not have
been captured. Regarding the interactions on text-level, it was assumed that all contributions were
useful or positive. A more detailed analysis of whether rewriting, editing, or communication (within
or outside of the collaborative writing environment) could have triggered conflicts, affecting group
cohesion and the quality of collaboration, is part of future work.

Technical Limitations. Several constraints also stem from the technical capabilities of the col-
laboration environment and the data collection mechanisms. First, the platform did not provide
notifications about activities in shared workspaces. This required students to manually check
progress or coordinate externally. Moreover, detailed monitoring of writing activities was restricted.
The system could not record keystroke-level changes; instead, text changesets were logged at a
slightly higher level of granularity, averaging two characters per changeset (Ma = 2.22,SDy4 = 2.36,
Mp = 2.16,SDg = 2.36). This limitation reduced the ability to analyze fine-grained writing be-
haviours. Additionally, Al-generated text was not detected, as no extensive copy-paste behaviour
was observed. The employed methods focused solely on human-human interactions through shared
text editing, commenting, and chat. Finally, the analysis did not account for the quality of the jointly
produced text, such as linguistic sophistication or use of technical language. The text created by the
groups was not graded by the teachers. Instead, admission to the written examination depended
on whether students had sufficiently engaged with the collaborative writing task (determined by
using user activity count and student peer review scores). This examination did not include any
task related to the writing assignment. It was also impossible to consider information about prior
performance since the participants were in their first semester and admission tests (e.g., GPA)
do not exist in Germany. However, there is an indication of a positive correlation between the
network density of the groups [4] and the average peer review ratings. Indicators of text quality
and their relationship to interaction patterns go beyond the scope of this paper and require further
investigation.

7 Conclusion

Teachers require a clear understanding of student activities during collaborative writing to assess
performance and identify support needs. To support teachers in interpreting and assessing student
behaviours, we proposed using fine-grained log data and individual user sessions as a suitable
observation unit for capturing coherent interaction patterns within a session. Based on these ses-
sions, we proposed three methods for identifying interaction patterns capturing the interleaving of
individual and collaborative activities during collaborative writing: The first method (RQ1, section
3) determines session types by analysing key features, including writing, reading, communication
behaviours, session length, and the number of group members collaborating synchronously. These
session types help teachers understand students’ different roles in the writing and collaboration
process. The second method (RQ2, section 4) uncovers frequent sequences of session types by
examining their order, allowing for process analyses at a higher level of abstraction while main-
taining manageability compared to raw log data. Frequent session type sequences provide teachers
insights into the collaboration processes concerning session types that are more conducive or less
conducive to writing, collaborating, and, thus, learning. The third method (RQ3, section 5) investi-
gates text-level collaboration by assessing the frequency of text passage modifications by either the
original author or other group members. This approach quantifies individual collaboration efforts
and differentiates between isolated and tightly connected members at the group level, offering
teachers more profound insights into the collaboration mode and overall group cohesion.

To test the applicability of our approach, we presented a case study where we applied the methods
to analyse two cohorts of the same first-year course at a distance-learning university over two
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consecutive years. Collaborative writing activities from 536 groups with 3,311 participants were
analysed. The extent of the data included in the study made it possible to determine behavioural
patterns of individual user sessions using the methods described in section 3 and 4 (RQ1/RQ2) and the
collaboration at the text-level using the method described in 5 (RQ3). Concerning the identification
of session types (RQ1), six characteristic clusters of recurring session patterns were identified
based on the individual user sessions, which differ in duration, the number of synchronously
collaborating group members, the extent of text changes, and the reading and communication
behaviour. Regarding identifying frequent sequences of session types (RQ2), the most frequent
sequences consisted of a less desirable session type characterised by its short duration and minimal
or no text changes, reflecting quick reviews or checks rather than active writing. The investigation
of text-level collaboration (RQ3) revealed interaction patterns regarding one-sided and mutual help
among group members and isolated writing activities. The analysis of both cohorts yielded very
similar results, which supports the robustness of our methods and confirms their applicability.

The proposed methods could help to enhance the monitoring and assistance provided to groups
engaged in collaborative writing. CSCW/L researchers can use these methods to analyse group
behaviour, while tool developers can leverage the metrics and algorithms to create dashboards and
awareness widgets. Teachers implementing collaborative writing projects may use our metrics to
better identify and support students needing additional assistance.

Future research on classifying session types could include collaboration metrics at the text-level,
e.g., to consider group cohesion. Text-level collaboration could consider a context window beyond
the adjacent neighbouring character. Finally, different collaboration tasks, group sizes, and writing
support features should be analysed to search for generic writing patterns.
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