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ABSTRACT
Modern knowledge work is increasingly collaborative and frag-
mented across space and time. The traces from virtual collabora-
tion platforms could be used to support effective collaboration by
measuring group-level teamwork characteristics. We call these pro-
posed systems group informatics, which analyze and allow teams
to reflect on collaboration dynamics. When systems consolidate
and present data from a variety of stakeholders, team members are
likely to disagree on what successful collaboration looks like. In
this work, we present an exploratory study of (mis)alignment in
group informatics systems, focusing on human-human (H-H) align-
ment, human-algorithm (H-A) alignment, and algorithm-algorithm
(A-A) alignment. Using a parallel mixed-methods study across two
populations, we collect qualitative perceptions of alignment using
a functional technology probe that measures shared understand-
ing through four time-series graphs derived from team Slack mes-
sages, in an in-situ study. We complement this with a larger-scale
quantitative investigation. Across two populations, we found little
evidence of alignment of any type. We find that these teamwork
constructs are complex—algorithmic measures capture different
facets of the construct, H-H alignment presents a barrier to H-A
alignment, and visual presentation of the algorithms influences
alignment. We further find that alignment is influenced by extreme
or unexpected events. We discuss implications for the design of
holistic, co-constructed measures in group informatics systems,
the appropriate granularity of algorithmic feedback, and whether
alignment is achievable or necessary.
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1 INTRODUCTION
Modern knowledge work is becoming increasingly collaborative,
with workers spending up to 80% of their time collaborating [105].
This collaboration is often spread across time, space [85], commu-
nication modalities (verbal, text, video) and platforms (chat, shared
documents, video calls) [44, 113]. This fragmentation can make it
challenging for teams to capture a complete picture of their collab-
oration [112], and for managers to provide collaboration feedback.
In fact, team collaboration dynamics are largely invisible [33], and
are often not recognized until it is too late [31].

Withmore andmorework happening on virtual platforms [2, 44],
there is the potential for these systems to sense or provide feedback
on collaboration dynamics. We refer to these future technologies as
group informatics systems, defined as systems that present metrics
and summaries of important collaboration characteristics, which are
reported for group reflection. Commercially, virtual collaboration
platforms are already implementing simple metrics for collabora-
tion feedback, including Zoom’s smart AI assistant1, which can
provide real-time feedback on talking patterns; ReadAI’s meeting
plug in2 which comments on sentiment and engagement; and We-
bEx’s collaboration insights3 focused on collaboration time and
scheduling. HCI researchers are starting to explore this area, with
a design fiction highlighting the challenges of these systems [73],
and surveys exploring which types of collaborative metrics are of
interest [79]. Similar to these tools, we develop a functional technol-
ogy probe, SharUn, to visualize collaboration over time (see Figure
4).

1https://www.zoom.com/en/blog/zoom-ai-companion/
2https://support.read.ai/hc/en-us/articles/4406653674003-About-Sentiment-
Engagement-and-the-Read-Score
3https://www.webex.com/collaboration-insights.html
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Many collaborative measures are, by definition, emergent and
collective phenomena [73]. Take psychological safety [41] as an
example, where researchers verify internal consistency within their
dataset before claiming the measure as a valid team metric [26].
This suggests that some measures of successful collaboration will
require agreement across an entire team, which may be challenging
when systems involve multiple stakeholders, who may each have
different understandings of what successful collaboration dynamics
look like, or how success should be measured [103]. Lallemand
et al. [73] cautions that when dealing with group-level metrics, we
need to question the assumptions that are baked into the “opti-
mal” levels of each metric. Misalignment among team members
on what is measured or how measurements are interpreted can
lead to mistrust in the system, if workers do not see the output as
useful or relevant [56], or more harmful consequences if leaders
interpret system outputs differently from team members [81, 87].
As group informatics is a new area of research, we know little about
what forms of alignment these systems require, how this alignment
manifests, and to what extent alignment is feasible or required.

In this work, we focus on three forms of alignment in group
informatics systems (see Figure 1). Human-Human (H-H) align-
ment refers to differences in how successful teamwork is perceived
across members of the team,Human-Algorithm (H-A) alignment
refers to differences in how automated systems measure success
and how humans perceive it, and Algorithm-Algorithm (A-A)
alignment refers to the difference between various automated mea-
sures of successful teamwork. Past work has focused primarily on
Human-Algorithm alignment, such as how humans and AI measure
emotion in the workplace [68]. Designing and implementing group
informatics systems in ways that reflect the realities of each form
of (mis)alignment will encourage their use as flexible reflection
tools, and help prevent feelings of mistrust toward the tool and
team members.

To investigate alignment, we focus on one element of successful
teamwork as a case study: shared understanding. We chose shared
understanding because it is a team-level construct important for
successful teams [75] and has several proposed text-based mea-
surements [35, 62, 78]. Shared understanding is often described as
the similarity in the way individuals perceive, encode, store, and
retrieve information, required to successfully work together [74]
and adapt to changing conditions [42]. Using this focus, we inves-
tigate the research question: How does (mis)alignment mani-
fest across human-human, human-algorithm, and algorithm-
algorithm dimensions in a shared understanding group in-
formatics systems, and what influences it? Human-Algorithm
(H-A) Alignment, and Human-Human (H-H) Alignment.

We conduct an exploratory, mixed-methods study with two pop-
ulations: a professional, in-situ population that captures in-depth,
qualitative reflections; and a longitudinal, larger-scale study of stu-
dents for quantitative estimates of alignment. We develop a func-
tional technology probe, SharUn, which applies existing shared
understanding algorithms to public channel Slack messages and
visualizes this data to users via four time-series graphs, used in the
in-situ study.

We found little evidence of alignment across the board. Identi-
fying two main themes, construct complexity and the influence of

extreme events, we focus on four key findings. Quantitatively, algo-
rithmic measures of shared understanding show little Algorithm-
Algorithm alignment, yet in-situ participants described the mea-
sures as complementary, suggesting that A-A misalignment reflects
construct multidimensionality. The user study participants noted
varying signals of shared understanding that were not captured
by any algorithmic measures, such as agreement, demonstrating
that Human-Human alignment is a barrier to Human-Algorithm
alignment. The user study also revealed that the presentation of
the algorithmic output systematically shapes user interpretation
and, thus, alignment. Our qualitative study identified that H-H and
H-A alignment was influenced by extremes or key events. Spikes
in algorithmic measures corresponded with key events, such as
software outages or brainstorming sessions, during which they
expected shared understanding to be very high or very low. Yet the
algorithms also identified day-to-day variation that team members
did not perceive.

From these findings, we begin a discussion of the importance of
carefully designed holistic measures that capture the multiple di-
mensions of successful teamwork, and of how we can include more
voices in the design of these systems. We discuss whether day-to-
day variation is important for users to be aware of, and ask whether
alignment is achievable or even necessary. We contribute an early
characterization of alignment in group informatics systems across
three dimensions, surfacing key design questions to consider as we
continue to investigate the applicability of automated teamwork
systems.

2 BACKGROUND
We review literature on group informatics, alignment processes in
teams, and teamwork dynamics with a focus on shared understand-
ing.

2.1 Informatics Systems
HCI researchers have begun to consider systems for group feedback
and reflection, including questions about what should be calculated
[79] and what consequences could arise [73]. Lushnikova et al. [79]
looked into what aspects of collaboration people would be inter-
ested in learning about, finding that participants are interested in
tracking metrics that are task-oriented, such as number of emails
read; relation-oriented, such as discrimination or impact of hier-
archy; individual-oriented, such as emotions and belonging; time-
oriented, such as scheduling; and space-oriented, such as the impact
of one’s office door being opened or closed. Notably, most of these
metrics were about collaboration yet were individually-measured.
Existing systems also provide individual measures of collaboration.
Visualizations have been developed to provide real-time partici-
pation equality feedback to each participant in a team discussion
[11, 76], and individualized feedback based on linguistic characteris-
tics [76]. In these types of systems, individuals preferred being able
to see others’ data in order to understand and contextualize their
own [40, 47]. In these examples, presenting collaboration metrics
to groups may simply mean aggregating individual measures.

Group informatics systems can also measure group-level con-
structs that don’t exist at an individual level, such as conflict or
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Figure 1: Types of alignment studied in this paper: algorithm-algorithm (A-A) alignment, human-algorithm (H-A) alignment,
and human-human (H-H) alignment

psychological safety [41]. For example, Almutairi et al. [3] devel-
oped a chat application that provided teams with feedback on their
collaboration by measuring group-level attributes such as linguistic
alignment and topic coherence. Further, Chen et al. [22] developed
passive and active versions of a prototype system to provide feed-
back to teams during video meetings, ensuring that they stay on
track with the meeting’s goals. Providing data-based feedback to
team members has been shown to improve shared understanding
and creativity [88]. A post-meeting dashboard containing partici-
pation, sentiment, consensus, questions, and turn-taking improved
participants’ awareness of meeting dynamics [97] and balance in
conversation [98].

These types of systems also come with a number of challenges,
ethical considerations, and open research directions. One of the
most commonly noted concerns for systems used in a workplace
setting is that their metrics may be used for unintended purposes,
such as to fire or prevent career progression [81], or for general
evaluation and performance management [87]. Workers are also
concerned about how different data types will be shared with col-
leagues [103]. Implementing productivity-measuring systems also
has implications for trust between employees and the organization
[81]. Merely being aware that data is being collected can trigger
the Hawthorne Effect, where workers act differently because they
know they are being monitored [32], and monitoring systems may
foster workplace competition [69, 103]. Lallemand et al. [73]’s de-
sign fiction explores a number of concerns that may materialize
in the future—including measuring group-level attributes that are
more than the sum of individual measures, carefully considering
the assumptions baked into these metrics, aligning the measures

with the team’s understanding of collaboration, and encouraging
feedback to be reviewed and interpreted as a team. The authors also
question to what extent complex social processes can be quantified
without reducing them, while protecting existing intra-team trust.

Another commonly noted challenge is alignment [103]. Suh et al.
[103] studied the implementation of a mental wellbeing sensing
technology in the workplace, and identified five categories of mis-
alignments, including misalignments in boundaries between work
and non-work, data ownership beliefs, values and motivations for
personal informatics (wellbeing vs. productivity), optimal metric
definitions, and levels of power. In this work, we focus on align-
ment in the metric definitions, where members may have different
ideas of what “optimal” entails for a specific metric [107], and may
not agree with automated measures [68] (Figure 1). In a study of
emotion recognition in the workplace, Kaur et al. [68] found that
the automated measures did not align with humans’ perceptions
of their emotions. They also note that people are biased in their
own reporting, and complete alignment may not always be the
goal. Instead, the authors suggest we evaluate whether automation
captures useful information.

In this work, we narrow in on the challenge of alignment in group
informatics systems, studying it across three levels. To understand
the extent to which we might expect alignment and how teams
achieve it, we review research on collective sensemaking.
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2.2 Collective Sensemaking and Alignment
Processes

For work groups to function, members must communicate in ways
that enable coordinated action, including the collective ability to
understand different facets of the problem, share their insights
openly, and build commitment to the final decision [19]. Collabora-
tive sensemaking emphasizes a group’s ability to form, organize,
and reach consensus when faced with novel or ambiguous prob-
lems [39]. In practice, sensemaking is iterative and distributed,
requiring teams to continuously update their interpretations as
situations evolve [65]. A central mechanism supporting collabora-
tive sensemaking is alignment. Successful communication depends
on aligning representations so that team members develop simi-
lar situation models, allowing coordinated action without explicit
negotiation [92]. Through interaction, teams gradually establish
common ground that supports shared interpretations.

As data becomes central to organizational work, teams increas-
ingly engage in sensemaking around quantitative representations.
Visualizations support sensemaking by helping people collect, or-
ganize, and analyze information to generate knowledge and in-
form action [57]. However, sensemaking with data is often a social
activity, involving discussion, comparison of interpretations, and
consensus building [57]. Collaborative visualization systems explic-
itly support this joint interpretation by enabling multiple people
to interact with shared data representations [8, 64]. This involves
ongoing negotiation over what information counts, how it should
be interpreted, and how it applies to different roles within the group
[39]. Effective group informatics systems may need to support the
social processes through which teams align interpretations. By en-
abling interaction, discussion, and comparison of perspectives, such
systems can help teams develop insights that would not emerge
from individual analysis alone [64, 72].

While collective sensemaking is ongoing, it becomes particularly
explicit and intensive when expectations are disrupted. Sensemak-
ing is triggered by events that are novel, ambiguous, confusing,
or violate expectations [80]. Weick et al. [110] describes these as
moments when an expectation of continuity is breached, including
discrepancy, breakdown, surprise, or interruption. In knowledge
work settings, such disruptions can include wasted time, unfair
practices, improper work, and process disruptions [37]. This sug-
gests that alignment processes may differ between routine and
uncommon situations: in routine situations, teams may need only
minimal alignment to move forward, whereas extreme events may
force them to address misalignment directly.

Collaborative sensemaking is required for group informatics
systems as team dynamics, and thus feedback and measures related
to these dynamics, are nuanced and multidimensional [71]. Next,
we review the multidimensional and emergent nature of teamwork,
and provide a background on our case study construct of interest,
shared understanding.

2.3 Multidimensional Nature of Teamwork
Measuring successful teamwork inherently requires a multidimen-
sional approach [1, 71]. Recent HCI work that aims to characterize

or encourage successful teamwork incorporates a number of com-
plementary measures [3, 18]. This multidimensional nature has
created measurement challenges in team science research [1].

Research on teams emphasizes that group-level phenomena are
emergent rather than aggregative. Teams rely on both individual
and mutual accountability, producing outcomes that exceed the
sum of individual contributions [67]. Similarly, research on team
cognition shows that shared understanding does not arise from
identical mental states, but from compatible and congruent knowl-
edge structures that support coordinated action [96]. As a result,
group-level constructs such as understanding, coordination, and
effectiveness must be studied as products of interaction rather than
as averages of individual perspectives.

2.3.1 Shared Understanding. Shared understanding, often referred
to as shared/teammental models [13, 75] or common ground [25], is
commonly defined as “the degree of cognitive overlap and common-
ality in beliefs, expectations, and perceptions about goals, processes,
tasks, members’ knowledge, skills, and abilities” [59]. Shared un-
derstanding in teams has a number of benefits, including improved
anticipation of other team members [59], fewer duplicated efforts,
efficient use of resources, increased satisfaction, increased creativity
[99], and higher performance [83, 84]. However, a perfect shared
understanding may result in groupthink [29, 75].

Given the benefits of shared understanding, researchers have
studied team-level factors, finding teams with similar backgrounds
and shared experiences are better off [59]; process factors, finding
that shared understanding is developed over time and interactions
[13]; and tool factors, finding benefits of open communication chan-
nels [38], video calling [108], collaborative documentation [13],
informal communication [89], persistent chats [49], and personal
profiles [111]. Teams collaborating via computer-mediated commu-
nication needed to clarify misunderstandings more often [4, 59],
and reached a shared understanding later in their lifecycle [82].
Contributing factors here include the absence of body language
and tone, making it more challenging to recognize when a team
member is confused and limits the ability to adjust communication
in real-time [4].

As with any cognitive process, shared understanding is chal-
lenging to measure. Researchers commonly use structured surveys
that capture how different elements of a shared task are related
[6, 10, 21, 27, 66]. Researchers also use survey perceptions of shared
understanding [27, 28], or content analysis of transcripts [30, 115].
There are calls for more global [84] and continuous [29] measures of
shared understanding, such as those used here. Lix et al. [78] argues
that the natural language that teams use to communicate can repre-
sent group-level shared cognition, whereas surveys measure only
individual, episodic perceptions of shared cognition. Three such
natural language processing methods are Language Style Matching
(LSM), Latent Semantic Analysis (LSA), and embedding spaces.

Language Style Matching (LSM) compares the frequency with
which team members use categories of function words [62] and
describes how things were said rather than what was said. Lan-
guage styles are strong indicators of having common ground [7, 61],
and a shared perspective [90], and have previously been used to
evaluate teamwork [3]. Latent Semantic Analysis (LSA) is another
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common measure [35, 36, 58, 114] that captures shared understand-
ing by characterizing topic and voice similarity in documents [58]
or transcripts [34]. Babcock et al. [7] found that LSA measures
increase with highly involved interactions, while LSM increases
with strong emotions. We include two LSA-derived metrics in this
work: knowledge convergence and semantic coherence [35]. The
last commonly used measure utilizes embedding spaces, which are
models that transform words and sentences into vectors that retain
the meaning. We compare embedding space similarity to LSM and
LSA, as embedding space models allow for a larger corpus and
better capture underlying word meanings [23].

In summary, past work suggests that alignment will be a chal-
lenge when deriving automated measures of complex constructs
[68, 103], and this challenge intensifies when alignment is required
not just across a single human and a single system, but between
groups of humans and a system. Focusing on shared understanding
as an example of a complex teamwork construct, we unpack the
challenge of alignment across Human-Algorithm, Human-Human,
and Algorithm-Algorithm alignment.

3 METHODS
We conduct a mixed-method, exploratory study across two partici-
pant groups to present a multi-context investigation of alignment.
In our first study, we qualitatively examined alignment by conduct-
ing an in-situ study with seven participants across two academic
and two industry teams as they interacted with a technology probe.
In the second study, we quantitatively analyze Slack messages and
survey responses from students in a mechanical engineering cap-
stone course using the same algorithms as in the in-situ study,
applied post-hoc. An overview of the methods is shown in Figure 2.

This two-population study allowed us to examine alignment
from distinct but complementary vantage points, as recommended
for the complexity of shared understanding [5]. The in-situ quali-
tative study placed participants in a realistic collaborative context
so we could reflect their data as accurately as possible, while the
quantitative study allowed us to examine algorithmic alignment
on a larger scale. While the qualitative study provides insight into
why misalignment occurs and participant perceptions, the quan-
titative study provides a naturalistic baseline not influenced by
the reflection prompted by the technology probe. Additionally, the
quantitative study captures alignment longitudinally (three-month
timeline), whereas the qualitative study captures post-hoc reflection
of a two-week period—previous research suggests that alignment
and shared mental models change over time [13, 25]. Further, the
qualitative study enabled in-depth reflection, which is not possible
with traditional survey-based measures of shared understanding,
and the quantitative study enabled comparison with these tradi-
tional measures at a larger scale. Both studies address different
aspects of the alignment question: the qualitative study focuses on
Human-Human and Human-Algorithm alignment through partici-
pant reflection, while the quantitative study enables comparison
across H-A and A-A alignment using validated survey measures. By
assessing these two populations, we can develop hypotheses about
the mechanisms that influence perceptions of alignment across
technology, time, and scale.

3.1 Algorithms
As shown in Section 2.3.1, shared understanding can be signalled
in multiple ways, such as mimicking one’s language style [63],
converging in vocabulary (using the same terms in consistent ways)
[7], or using different terms when the underlying meaning remains
the same [78]. As such, we used a variety of algorithms to capture
multifaceted perceptions of shared understanding. The algorithms
described here are applied to both the qualitative in-situ study
and the quantitative post-hoc study. Similar to Lix et al. [78], our
measures of shared understanding encompass the full range of
meanings communicated between group members and are not
specific to a single element, such as a task or team.

Data Preprocessing:We began by removing all links and non-
dictionary words using the enchant package [70]. We then aggre-
gated all messages sent by each individual in a specific channel
on a specific day, as the algorithms are calculated per day, and
many compare individuals. After this processing, the input to the
following algorithms is cleaned Slack messages, aggregated by
channel-day-user. We measure shared understanding using four
different algorithms previously proposed in past work, which we
adapted to the Slack short-messaging context where appropriate.
The result of each algorithm, from the same channel (of the authors’
Slack) and time period, are shown in Figure 3. Additional details
on all algorithms are shown in Appendix A.

Language Style Matching (LSM): We implemented the LSM
algorithm as defined by Ireland and Pennebaker [62], measuring the
frequency of linguistic categories (pronouns, articles, prepositions,
negations, verbs, conjugations) through the Linguistic Inquiry and
Word Count 2022 dictionary [15] accessed through the Receptiviti
API [95]. We compared these measures across all potential pairs of
team members.

Knowledge Convergence: Knowledge convergence was orig-
inally defined by Dong [35] in his study of engineering designer
communication. Knowledge convergence is based on Latent Seman-
tic Analysis (LSA) and shows how similar one’s language becomes
to their team’s language over time. Following the steps outlined
in Dong [35], LSA is used to identify the topics a team discussed,
and each team member’s cumulative communication is compared
to these topics to identify when new topics are added to the con-
versation and by whom. We chose not to label teammates on this
graph to preserve privacy.

Semantic Coherence: Semantic coherence also comes from
Dong [35], and is executed similarly to knowledge convergence.
However, semantic coherence is a team-wide, non-cumulative mea-
sure, calculated as the norm of the sum of each team member’s LSA
vector per day.

Embedding Space Similarity: The last commonly used mea-
sure of shared understanding in text uses embedding spaces [24, 78,
94], which transform words and sentences into vectors that retain
meaning. We use the method defined by Lix et al. [78], where we
calculate the cosine similarity between embedding vectors for each
pair of team members per day and average this similarity across
all pairs. For all graphs, when large time periods are chosen, we
apply a 3-day moving average to smooth the visualization before
displaying it.
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Figure 2: An overview of the study design. SharUn is implemented as a technology probe, focused on measuring shared
understanding within teams. In the qualitative study, seven members from four teams used SharUn with their own Slack
workspace during the interview. In the quantitative study, the algorithms are applied post-hoc to engineering design teams’
Slack messages, and compared to their survey responses of perceptions of shared understanding.

Figure 3: Example of the various algorithmic measure graphs generated by SharUn. Calculated for one channel from the
authors’ Slack workspace. (a) Language Style Matching (LSM) measures similarity in language style based on the frequency
of function word use [15] in user pairs (higher values = more similar styles). (b) Knowledge Convergence shows individual
alignment (unlabeled lines) with team-wide topics (dashed line) via Latent Semantic Analysis, which compares the number
of topics each member has discussed on each day with the team’s total during the time period. (c) Semantic Coherence, also
measured via Latent Semantic Analysis, captures daily team-wide topic similarity based on word choice, meaning that similar
topics are identified when similar words are used. (d) Embedding Space Similarity measures thematic alignment between user
pairs via cosine similarity of embedding vectors. This measure captures teams discussing similar topics using different terms.

3.2 In-Situ Qualitative Study
We interviewed seven participants from two academic and two
professional teams (Table 1), reflecting long-term team contexts. We
used SharUn as a functional technology probe to calculate metrics

from the team’s conversations, allowing participants to reflect on
and compare their interpretations of specific conversations with
the algorithmic results.
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3.2.1 SharUn Technology Probe. SharUn was designed as a tech-
nology probe to investigate the alignment between team members
and the various algorithmic measures of shared understanding.
Technology probes are functional systems deployed in real-world
settings to understand user needs and inspire new technological
possibilities [14, 60]. Functionally, SharUn measured each team’s
shared understanding and visualized this information in a dash-
board for participants to reflect on alignment (see Figure 4). Within
the probe, we applied four traditional shared understanding algo-
rithms to understand the extent to which each algorithm repre-
sented the participants’ perceptions of their shared understanding.
The algorithms captured various approaches to measuring shared
understanding (Section 3.1) and enabled the analysis of message
content in real-time, which is required to reflect on alignment.

To support understanding of the algorithmic approaches and
facilitate reflection, we designed the system to visualize shared
understanding patterns at the team level over a chosen period of
time. We provide static descriptions of each shared understanding
measure (see Figure 4). As a technology probe, SharUn prioritized
enabling reflection on perceptions of alignment between their own
understanding and the algorithmic results, which was critical to our
investigation. The probe was implemented as a Slack application
(see Figure 4). Chat-style messages contain information about the
team’s collaboration patterns [18, 46], work tasks [45], and support
the process of building shared understanding [12, 88]. For privacy,
the app could only view content from public Slack channels towhich
it was explicitly added. Once added, the system automatically sends
opt-in consent forms via direct messages to every channel member.
Messages are analyzed when the user visits the app to visualize
their collaboration. On the app’s homepage, the user can select a
channel and a time frame to visualize their shared understanding.
We used the four algorithms previously described to estimate shared
understanding. Once the algorithms had been applied to the filtered
input data, four shared understanding estimates over time would
be displayed in graphs shown to the user. The data flow is shown
in Appendix B.

3.2.2 Participants. We recruited n=7 participants from four teams
for the in-situ study (Table 1). We recruited participants through a
mix of sampling the researchers’ networks, as well as posting on
social media (X and LinkedIn). We only required one participant per
team, but we encouraged participants to ask others on their team
if they were interested in participating to capture alignment from
multiple viewpoints. The teams had experience working together
for at least 4 months prior to the study, with the most senior team
having worked together for 3 years. Many studies suggest that
shared understanding can develop over the course of a few months,
and researchers study shared mental model development over the
course of a semester [77, 91], or, even over the course of less than
an hour [100]. Participation was not compensated, and all team
members who were part of the analyzed Slack channel, as well as
the participant interviewed, provided informed consent (University
of Toronto Research Ethics Board #: 41433)

3.2.3 Study Design. A few days before data collection began, each
team downloaded the application and added it to at least one public
channel. Then, we conducted one-hour interviews with 1-2 mem-
bers from each team.We asked participants how theywould identify

shared understanding (or its absence) when collaborating with their
team. Then, participants used the probe to generate graphs repre-
senting their teams’ shared understanding for a specific time period
(we recommended a two-week period with extensive discussion)
in a Slack channel. We then asked them to review the dashboard
before speaking aloud their thoughts and interpretations. Partic-
ipants were encouraged to read the static interpretations of each
measure presented on the app (Figure 4), but no other interpreta-
tion guidance was provided. We asked participants to identify 2-3
points of interest on one or more graphs and navigate to that time
period in the specified channel. We asked participants how their
interpretation aligned with or did not align with what the graph
would suggest (as periods of high or low shared understanding),
their own thresholds for high or low shared understanding, and
their confidence in the measurements.

3.2.4 Analysis. We qualitatively analyzed the resulting interview
data using a hybrid thematic analysis approach [43]. We guided our
analysis based on the three types of alignment (Human-Human,
Human-Algorithm, Algorithm-Algorithm). After the first author
collected transcript segments for each alignment type, we con-
ducted a bottom-up thematic analysis [16] to identify an initial set
of codes for each alignment type. In collaboration with the last
author, these codes were grouped into axial codes that describe
each type of alignment at a high level. Disagreements were resolved
through consensus discussion, often returning to the original quotes
for verification. To establish trustworthiness, we used reflexivity
memos and negative case checking by returning to original quotes
to verify or challenge emerging interpretations.

Within Human-Human alignment, we identified 13 codes de-
scribing shared understanding, which were then collaboratively
grouped into 5 higher-level categories (e.g., linguistic markers of
misunderstandings, diverse language). By tabulating how many
participants used each code, we identified which descriptions were
widely used. In Human-Algorithm alignment, bottom-up analysis
resulted in 21 individual codes. These codes were grouped into 10
higher-level reasons for perceptions of (mis)alignment, including
recognizing key events, recognizing general trends, and a lack of
expected variation. Lastly, for Algorithm-Algorithm alignment, we
initially identified eight codes describing how participants discussed
the different graphs shown. From these codes, four high-level cate-
gories were developed (e.g., higher is better, complementarity of
measures) that describe perceptions of A-A alignment.

Next, three researchers collaboratively conducted a cross-category
thematic synthesis across all three alignment types. We placed all
higher-level categories on sticky notes, and physically grouped
these categories. We iteratively revisited the quotes within each
code group to generate a higher-level alignment finding. We would
then check whether the themes cross-cut different alignment types,
adjust as needed, and revisit the quotes. Throughout this process,
we used reflexivity memos to record how our themes and code
groupings evolved. We started with four themes (multiple comple-
mentary measures, H-H alignment as a barrier to H-A alignment,
importance of visual presentation, and the converging influence
of key events). Through consensus, we consolidated these themes
into two: the complexity of team dynamics and the influence of key
events. We present key findings (subthemes) within these themes.
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Figure 4: Complete interface of the SharUn homepage. Includes the interpretive explanation for each graph.

3.3 Quantitative Study
3.3.1 Participants. For the quantitative study, we studied a fourth-
year engineering design capstone course. Engineering design is a
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Table 1: List of participants interviewed in the pilot evaluation. A - Academic team, I - Industry team

Participant Workspace Organization Type Project
P1 A1 Research Lab HCI Research Project 1 channel
P2 A1 Research Lab HCI Research Project 2 channel
P3 I1 Software Development Team-wide general channel
P4 I1 Software Development Organization-wide product channel
P5 I2 Software Development Team-wide general channel
P6 I2 Software Development Team-wide general channel
P7 A2 Research Lab Education Research Project 1 channel

rich setting to study computer-mediated communication [48] and
shared understanding, as it is a team-based discipline in which
members often have non-overlapping expertise [93]. The six teams
studied are comprised of 14–16 students who work alongside 10–15
staff members for 3.5 months. Despite the educational setting, this
environment presents more realistic teamwork challenges than
short-term teams, due to the interdependence and the need to
manage their own schedules and budgets. The teams are hybrid
with regular in-person meeting times, and they often communicate
via Slack when the team members are not together.

N=27 participants participated in the quantitative study (e.g.,
those who shared their Slack data and completed the surveys). Of
these, 12 identified as men, 12 as women, and 3 preferred not to
say; Asian (n=6), Hispanic or Latino (n=5), and White (n=15) were
the primarily identified races. All participants had worked closely
in a team for at least one month by the first survey, and three
months by the final. With consent, we collect all public channel
Slack communication from these teams. Past HCI work has also
used realistic education settings to evaluate algorithms [23].

3.3.2 Study Design. To compare survey perceptions of shared un-
derstanding, we surveyed these teams three times throughout the
project (beginning, midpoint, and end). We used two constructs
from the high-quality relationships measure from Carmeli and Git-
tell [20] (Appendix C, shared goals (𝛼 = 0.66) and shared knowledge
(𝛼 = 0.66), measured using three and four questions, respectively.
Each question was scored on a 5-point Likert scale.

To evaluate the algorithms, since each measures shared under-
standing per channel, we average the shared goals and shared
knowledge responses for all active team members (i.e., those who
sent at least one message) in that channel over the three days pre-
ceding the survey. We compare this to the 3-day-averaged values of
shared understanding for these teams, based on each algorithmic
measure. We compare the results from each algorithmic measure us-
ing Spearman’s correlation. The knowledge convergence algorithm
was excluded from this analysis because it is the only cumulative
measure and it would not be expected to correlate with the non-
cumulative measures (see the resulting correlation matrix in Figure
5). For the LSA-based algorithms, since the results depend on the
chosen time period, we calculated the algorithms separately across
three time periods aligned with the survey distribution. This quan-
titative investigation was conducted post-hoc, and entirely separate
from the technology probe study. Participants were not shown any
visualizations, or the results of the applied algorithms.

4 RESULTS
Across both studies, our analysis revealed two major themes. First,
we found that achieving alignment in group informatics systems
is fundamentally complicated by the multidimensional nature of
teamwork constructs: algorithms capture different facets of shared
understanding, human perceptions do not map consistently onto
any of these facets, and visual framing of algorithmic output further
shapes interpretation of alignment. Second, we found that the align-
ment that does exist is concentrated at extremes and key events,
with day-to-day variation largely going unrecognized.

4.1 Complexity of Team Dynamics Requires a
Holistic Measure

One of the two major themes we identified is that teamwork con-
structs are perceived as multidimensional and complex. Across the
three types of alignment, we surface three specific findings. First,
the algorithms capture different facets of shared understanding
and are perceived as complementary. Second, human perceptions
of shared understanding do not map consistently onto any sin-
gle measure, creating a barrier to Human-Algorithm alignment, as
team members themselves disagree on what shared understanding
entails. Third, visual presentation of results systematically shapes
how users align.

4.1.1 Algorithms Capture Different Facets of Shared Understanding.
Quantitative Findings: The shared understanding algorithms we
implemented showed substantial misalignment, suggesting there is
no consensus approach to measuring shared understanding. With
the student population, we quantified alignment using correlations.
After applying each algorithm to the design teams’ Slack messages,
which yielded one value per team and day (6 teams, approximately
96 days), we calculated Spearman’s correlation for each measure.
As mentioned previously, the knowledge convergence algorithm
was excluded from this analysis. The correlation matrix is shown
in Figure 5. Although all correlations are significant due to the
large sample size (𝑝 < 0.001), the only notable moderate-strong
correlation is between semantic coherence and embedding space
similarity metrics, with a negative relationship. This suggests that
the proposed algorithmic measures of shared understanding do not
align with each other.

Qualitative Findings: Our qualitative study with professional
and academic teams suggests that participants perceived the algo-
rithms as complementary — they capture distinct facets of shared
understanding. Most participants recognized that the algorithms
did not always align with one another. As participants naturally
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Figure 5: Spearman’s Correlation matrix comparing three
algorithmic measures of shared understanding (language
style matching, semantic coherence, and embedding space
similarity)

compared the four graphs, they expressed interest in seeing each
measure overlaid for easy comparison: “it would be kind of cool to
overlay the two...So if we’re talking about the same themes, but us-
ing different words for it...I think the discrepancies are perhaps more
interesting..” [P2]. The complementary nature promoted deeper
reflection:

“I read each of them differently, and then I took a
quick glance through [them] together..That definitely
made me notice much more larger trends that I wasn’t
looking at when I was just going through each of
them individually, but I think both comparisons...felt
helpful [in] reflecting upon it...” [P7]

Participants expressed preferences, clarity, and confusion about
different metrics—they showed no alignment on which of the four
metrics might be most promising. For instance, one participant
expressed confusion about the value of the language style metric,
“language style...is that good? Or is it bad? Is it good because we’re
[a] diverse team? Or is it bad because we’re misaligned?” [P1]; while
another noted that this was the most interesting metric “I find the
last one to be pretty helpful, or it’s more of an interesting data point...I
don’t know enough about this to know whether style matching has
an impact on shared understanding. But it is interesting” [P3]. Some-
times, this misalignment occurred within the same participant, with
P2 stating that the knowledge convergence graph made sense as
it aligned with different project phases: “if it’s more process related
stuff, then you would probably want the lines to be closer together.
But if it’s more ideological tasks where diversity and then different
perspectives are a better thing, you’d probably want to see more of
that distance...”, yet later said that the cumulative nature was chal-
lenging to interpret, “I don’t know if I fully understand it yet, but
I understand it’s time and...how many topics were being introduced.

Figure 6: Range of per-team standard deviations for each
component of shared understanding, per time period.

So it’s a little bit harder to, I think, contextualize in context of the
conversation”. Participants frequently compared the semantic co-
herence plot with the embedding space model, though disagreed
on their interpretation: P4 notes “I don’t understand, the definition
of a theme, but like I do understand the definition of a word”, yet P3
says ‘‘the average embedding space cosine similarities...I think this
one is probably the most useful just to see people kind of stay on the
same topic.”

The details from the qualitative study suggest that humans rec-
ognize shared understanding as a multifaceted construct that may
be captured by multiple, complementary approaches.

4.1.2 H-H Misalignment as a Barrier to H-A Alignment. First, we
quantify variation in teammate perceptions of shared understand-
ing from the survey measures in our student population. Then, we
provide examples of these different perceptions from our qualitative
study.

Quantitative Findings: From the survey perceptions, we calcu-
lated the standard deviation for each question, within each team and
time period. These values ranged from 0 to 2.12, with an average
of 0.6 (on a 1-5 scale, see Appendix D). Particularly when positive
response bias is considered (participants rate their team highly—the
overall average shared understanding score was 3.9/5), this indi-
cates moderate disagreement among team members regarding their
shared understanding (see Figure 6).

Our quantitative analysis further revealed a gap between what
teams perceive as shared understanding (measured via surveys)
and what current algorithms measure over time. As surveys cannot
be collected as frequently as digital trace data, we are comparing
data at different levels of granularity (daily vs. monthly). There
is more variability in the algorithmic measures than in the sur-
vey measures—and the automated measures vary cyclically over
time (see Figure 7, which displays algorithmic measures and sur-
vey responses for one Slack channel). This was also shown when
measuring discursive diversity in teams over time [78]. Due to
this variation and the recall bias in surveys [104], we compare
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Figure 7: Example plots from the #general channel from one
student team showing the variance in each algorithm over
time (lines), compared to variance in survey responses at
three time periods (points). Note that the surveys (measured
on a scale of 1-5) are scaled between 0-1 for this plot.

the average of the algorithmic metrics for each channel in which
the participant was active three days prior to the survey with the
reported survey values.

We calculated this value for shared goals and shared knowledge,
separately, as well as their average, shared understanding, shown in
Table 2. These correlations are calculated based on n=73 returned
surveys (out of 83, where 10 surveys were removed) for not re-
sponding to all questions (n=4) or for having no corresponding
algorithmic results on the days prior to the survey (n=6).

Table 2 shows that there doesn’t seem to be a correlation between
the survey measures of shared understanding and the algorithmic
measures, with only four significant negative correlations. In fact,
the average of the three shared understanding metrics is signifi-
cantly negatively correlated with shared understanding and shared
goals. While there is a lot of variation in the algorithmic measures,
this signals a disconnect between how teammembers may interpret
shared understanding and the similarity they display in their tex-
tual communication. Thus, the human-human (H-H) misalignment
seen in our data suggests a fundamental challenge: because people
disagree on what constitutes shared understanding, it may be very
difficult to create human-algorithm (H-A) alignment at all.

These standard deviations and negative correlations provide a
quantitative signal of Human-Human disagreement, but cannot
explain why disagreement occurs—the in-situ study fills this gap.

Qualitative Findings. This is further illustrated in the qualita-
tive study as participants shared varying descriptions of how high
or low shared understanding would manifest in text. One partici-
pant described repetition as a signal of low shared understanding:
“where is the data set? like a few times...the data set is at the top of the
channel”[P1]. Others said that explicit negations or disagreements
indicated low shared understanding (one participant): “no this isn’t
part of our roadmap” [P4]. Still, other participants said multiple
questions being asked was a marker of misalignment (two partic-
ipants): “there’s kind of a misalignment [and] I’ll be like, Hey, are
we meeting?”[P2]. We did see some alignment within the members
of team I1, where P4 perceived low shared understanding as nega-
tions, and P3 perceived high shared understanding as agreement
(as did two other participants): “everyone’s kind of agreeing. No one’s
saying, I don’t know..’ [P3]. Interestingly, none of these signals were
explicitly captured by the algorithmic measures we applied, which
focus on consistency in terminology and context. And so, team
members not agreeing on what shared understanding looks like
in the first place presents a core challenge for Human-Algorithm
alignment, making it difficult to design team-level measures that
satisfy a definition that does not exist at the team level. The consis-
tency between these descriptions of Human-Human alignment and
the patterns observed in the student teams suggests that divergent
interpretations of shared understanding may exist across contexts.

4.1.3 Visual presentation shapes interpretation independently of
algorithmic content. Qualitative Findings. Beyond the content
of algorithmic measures, we found that the visual presentation of
results shaped how qualitative participants interpreted shared un-
derstanding, often overriding the guidance provided by the system
and researchers.

Despite various interpretations of the construct, we consistently
found that the visual presentation of the data also influenced the in-
terpretation of shared understandingmetrics. Evenwith disclaimers
on the SharUn homepage that high graph values were not always
positive, and low values were not always negative, participants
consistently aligned on this interpretation: “So top of the graph is
good...I’m looking at this graph and I’m saying...I think we’re not
bad, because we’re mostly at the top of the graph” [P1]; “I would
say...each individual is very close to one...So it means...if it’s closer
to one...the team has a good knowledge of that topic” [P6]. For the
knowledge convergence graph, which displays each team member
as a separate line on the plot, participants interpreted converging
lines as a positive collaboration signal: “for most users..we’re pretty
close already to the total knowledge... ” [P5]. Some participants took
a more nuanced approach in their interpretation, noting that diver-
sity in discussion topics or language style is not necessarily a bad
thing, or a signal of low shared understanding: “I don’t place a lot
of value on [the] kind of the word choice people use...There’s a lot of
different words, just in everyday conversation” [P3].

We observed that the anticipated misalignment between various
stakeholders and how they would interpret the data lead to privacy
concerns. Participants were reluctant to share these dashboards
with people who lack context about the data: “it is flagging that
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Table 2: Spearman’s correlation of each survey construct with each automated measure of shared understanding

Survey Measure Language Style Matching Semantic Coherence Embedding Space Similarity Averaged Metric
Shared Understanding 𝑟 = 0.0, 𝑝 = 0.97 𝑟 = −0.20, 𝑝 = 0.08 𝑟 = −0.25, 𝑝 < 0.05 𝑟 = −0.24, 𝑝 < 0.05
Shared Goals 𝑟 = 0.41, 𝑝 = 0.73 𝑟 = −0.24, 𝑝 < 0.05 𝑟 = −0.19, 𝑝 = 0.10 𝑟 = −0.24, 𝑝 < 0.05
Shared Knowledge 𝑟 = 0.01, 𝑝 = 0.9 𝑟 = −0.11, 𝑝 = 0.33 𝑟 = −0.22, 𝑝 = 0.06 𝑟 = −0.17, 𝑝 = 0.15

were misaligned. So that’s a bad thing... ” [P1] They also did not
want to share their data with senior leadership, for fear of their
shared understanding data being misinterpreted: “...for people who
work in the team this can be very helpful, but I’m not sure what
happens if it...goes to senior leadership” [P6]. P6 would not want
senior leadership viewing these statistics because they worry that
they are not aligned with what the values mean, and whether they
are positive or negative. These concerns were rooted in the antic-
ipated human-human (H-H) misalignment—participants worried
that without a shared understanding of the metrics, the data could
be misinterpreted.

4.2 Alignment is Influenced by Key Events or
Extremes.

Qualitative Findings. Our second major theme is that alignment
is influenced by key events or extremes. This theme is supported
only by our qualitative study, where participants reflected in real-
time on the recent extreme events their team had experienced. We
saw increases in both human-human (H-H) alignment and human-
algorithm (H-A) alignment during extreme or unexpected events.
There were two instances in which participants were able to guess
what happened on a specific day by viewing the graphs. For exam-
ple, P6 noticed a spike in many graphs, and suggested that this was
likely an incident or urgent issue with the team’s software product:
“So I’m assuming there was an incident on this day that everybody
was talking about the same topic and trying to figure out what was
going on.” Upon investigating this day, they confirmed that there
was a technical difficulty affecting all engineers, requiring collec-
tive action. This also occurred when P7, a research student, saw
the graph for their team—they were able to immediately identify
the day of a big presentation due to spikes in their conversational
similarity: “I can...definitely see why this is...kind of higher similar-
ity...before that super big presentation, and then we hit the day of the
presentation...We stopped talking about the presentation, and we all
started doing our own things again..”

Participants often described instances of perceived alignment
as out of the ordinary. For example, P5 describes how the team all
used a specific short-hand to refer to a meeting on a day where the
semantic coherence score was high: “it’s interesting [the meeting]
has a longer name. But everyone...had...the same shorthand.” Other
participants described how brainstorming solutions resulted in low
embedding space similarity, as would be expected, “...the product
team was doing a little brainstorming on the best way to address it...”
[P4]. Some participants interpreted the graphs in the context of the
channel being analyzed. As P5 analyzed a team-wide channel, they
described how they expected lower similarity than they would find
in a project-specific channel: “It makes sense to me that [the line] is
in the middle...amongst the team members, not everyone is required to
discuss the same thing...Across seven developers... they’re working on

different tickets” [P5]. These findings suggest that H-A alignment
may be higher during extreme, memorable, or uncommon events
(when shared understanding is very high or very low).

When explaining the perceived alignment during these extreme
events, participants often referenced similarity in word choice, re-
flecting the semantic coherence measure: “...seems like there’s a lot
of similar words in those 2 messages” [P2]; “like all the research teams
that were on campus called the Lunch and learn, and at least half of
these messages, mentioned the lunch and learn” [P7]. Participants
also identified alignment with the language style matching measure,
based on their general understanding of differences within their
team: “the fact that our roles are very similar. And...educationally
and personality-wise people are very similar in the team. So...they can
use similar language style” [P6]. Participants discussed thematic
similarity in passing, but did not often use this graph to describe
their alignment with extreme events. The knowledge convergence
metric was never used in explaining alignment at extreme events.

In contrast, participants did not always perceive the subtle nu-
ances of shared understanding captured by the algorithms. The
graphs showed regular ups and downs in shared understanding
metrics on a day-to-day basis, but participants did not always rec-
ognize these. When participants described instances where the
algorithms did not align with their perceptions of the conversation,
they described misalignment with their general perception of the
team (“It’s kind of weird how they are almost always the same...there’s
no variance at all” [P3]); misalignment with linguistic markers of
shared understanding (“It was a moment of discussion, but not a
moment of disagreement” [P1]); or misalignment with thematic evo-
lution throughout the conversation (“the conversation evolved...So
[person is] asking for A, we’re seeing if we can do B....And then he says,
No, that’s not helpful...And so we start talking about C.” ). Notably, the
algorithmic measurements captured instances of extremely high
or extremely low levels of shared understanding, aligning with
participants’ interpretations, but the subtle daily fluctuations went
largely unnoticed.

5 DISCUSSION
In this work, we provided an initial, exploratory characterization
of how misalignment manifests across three dimensions (Human-
Human, Human-Algorithm, Algorithm-Algorithm) in group infor-
matics systems. Across a qualitative in-situ study and a larger-scale
quantitative evaluation, we found little evidence of alignment, and
provide initial evidence to explain why this alignment is absent.
Two key themes emerged regarding what affects alignment per-
ceptions: teamwork constructs are perceived as multifaceted and
complex, and alignment increases during extreme events. Within
the theme of construct complexity, three key findings stand out:
low A-A alignment might indicate complementary facets of shared
understanding; H-H misalignment acts as a prior barrier to H-A
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alignment; and visual framing of algorithmic outputs can system-
atically shape alignment. We contribute an exploratory empirical
account of howmisalignment manifests across all three dimensions,
informing the emerging discussion of group informatics systems,
what they should be designed to measure [79], and what ethical
challenges and considerations will arise [73]. Here, we discuss open
questions and future work related to constructing holistic measures
of team dynamics, the value in capturing day-to-day variation,
and whether alignment is feasible and truly necessary for useful
systems.

5.1 Co-Constructing Holistic Measures of Team
Dynamics

Across the two populations, our qualitative and quantitative find-
ings provided initial evidence of misalignment between team mem-
bers and algorithms. The algorithms had little correlation with one
another, except for the semantic coherence and the embedding
space similarity models, which were negatively correlated. This
may be due to the tendancy for new teams to use different words
for the same concept [50]; for example, someone may say “the
document”, while someone else refers to the “word file”. In this
scenario, the thematic similarity would be high, while the semantic
similarity would be low as there are no shared words. On the other
hand, for teams that have been working on a project for a while,
they may develop specialized short-hand that may be consistently
used and thus captured by semantic similarity models, but may not
be included in the dictionary and thus left out of embedding space
models. Whereas semantic similarity captures surface form and
thematic similarity captures meaning, it is not surprising that these
may not always move in the same direction, as they capture shared
understanding at different levels of abstraction. The lack of corre-
lation between language style matching and semantic coherence
may also be explained by past work that showed that topic mod-
elling based measures increased with highly involved interactions,
whereas language style matching increases with emotional con-
versations [7]. Our qualitative study found no preference for one
algorithm over another, though participants identified alignment at
extreme events primarily though the language style and semantic
similarity graphs. While we interpret this misalignment as evidence
of construct multidimensionality, future work can empirically test
the impact on performance depending on which algorithm’s results
are presented to users.

We identify specific findings that complicate alignment and carry
distinct consequences for group informatics systems: a sequencing
problem, a visual interpretation influence, and varying alignment
across events. The low A-A alignment may not indicate algorithmic
failure, as qualitative participants perceived divergent algorithms
to capture complementary facets of shared understanding. Instead,
this may be further evidence that team dynamics are multidimen-
sional [1, 71] and challenging to capture algorithmically [54].

A simple answer to this challenge might be to collect larger sam-
ples of definitions for each construct (e.g., through crowdsourcing)
to design systems that integrate theoretical models and workers’
understandings. Yet Balaam et al. [9] argues that we should not
try to formalize something that cannot be formalized—perhaps, for
example, a strict definition of successful teamwork. There is a lot

to gain by translating academic theories to automated measures,
such as the ability for teams to receive consistent feedback. But
this process is not always straightforward, as the theoretical def-
initions are not always aligned with team members’ perceptions
of the constructs in practice, raising a tension between theoretical
best performance and user acceptance. For instance, even though
the algorithms used here did not align with user perceptions, Lan-
guage Style Matching still predicts team cohesiveness [52], cycles
of high and low semantic coherence are associated with higher per-
formance [101], and greater diversity in embedding space similarity
relates to team performance [78]. Perhaps algorithm selection for
group informatics should be driven by the construct facets relevant
for a given team context, instead of a single measure.

Our findings also point to a few directions that might lead to
more effective measurements of shared understanding. Our quali-
tative participants identified signals of shared understanding, such
as explicit agreements or disagreements, questions, indications of
confusion, and repetition, which were not explicitly captured in ex-
isting algorithms. Futureworkmight explore dialogue act modelling
[102] to identify the intent of messages, such as acknowledgments,
repairs, or question patterns.

Systems may also enable teams to co-construct holistic measures
of complex teamwork constructs. Aligning with collective sense-
making theories [65, 92], group informatics systems could support
the ongoing social process of negotiating metrics. The inherent
variation in members’ interpretations of complex teamwork con-
structs, coupled with their multidimensional nature, means these
systems may need to present multiple metrics while balancing
information overload. We noticed that the in-situ participants ex-
pected that shared understanding could not be captured in a single
measure, and defaulted to comparing each graph, using discrepan-
cies to prompt deeper reflection. These holistic measures may also
incorporate self-reports and reflections. Future studies of group
informatics systems should empirically evaluate this balance be-
tween capturing holistic measures, increasing H-A alignment, and
information overload.

We also found that visual presentation of results systematically
shaped how participants interpreted shared understanding, overrid-
ing guidance from the system. Despite the variance in how qualita-
tive participants described shared understanding, one interpretation
seemed consistent: that high values on the graphs were “good”, and
low levels were “bad.” Participants seemedmost worried that people
outside of their immediate team might be misaligned on what was
“good” or “bad” and would judge these statistics without knowing
the context of their collaboration. As such, the visual design of a
graph may have influenced consistent interpretation—future de-
sign of group informatics should investigate how visual design can
constrain interpretation, and in which situations this is ideal.

5.2 Alignment at the Extremes
Our qualitative, in-situ study revealed that Human-Algorithm and
Human-Human alignment existed primarily during “extreme" events
in shared understanding—participants noted that during unex-
pected events, such as a software outage, or uncommon events,
such as team-wide brainstorming, the algorithms displayed the ex-
pected levels of shared understanding (high and low, respectively).
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This aligns with the literature, which shows that sensemaking is
often triggered by disruptions or uncommon events [80, 110]. Yet
the daily fluctuations between these extremes confused participants
who perceived that their team generally had relatively stable levels
of shared understanding outside of these events. As such, if teams
do not perceive routine variations as problematic, they have no
reason to collectively interpret them.

We raise the question of whether alignment in day-to-day vari-
ation (or agreement on whether this variation exists), matters. If
group informatics are designed to actively provide feedback to
teams, it is likely that this feedback would be most useful dur-
ing extremes—particularly extreme lows in shared understanding—
where we see higher levels of H-H and H-A alignment. Participants
also feared this routine variation being misinterpreted by outsiders.
Thus, perhaps group informatics systems should focus on identify-
ing the extremes. This could be done through event-triggered or
anomaly-based approaches, selectively surfacing moments where
the measures deviate significantly from a baseline.

On the other hand, extreme teamwork failures may be easier for
teams to identify themselves. Daily variation in shared understand-
ing may also be meaningful, as persistent low shared understanding
levels could be a potential predictor for future intra-group conflict
that team members may not yet recognize. However, it is important
to take a nuanced look at shared understanding— consistently high
shared understanding can also discourage constructive divergence
between team members, potentially stifling creative ideas and in-
novation [29, 99]. Some variation in shared understanding is likely
valuable, but the optimal range remains an open question that war-
rants further investigation as we continue to develop SharUn and
collect more data on team shared understanding and outcomes.
Bringing teams’ attention to subtle inefficiencies in their collabora-
tion could make them more effective collaborators in the long term,
yet granular monitoring risks alert fatigue and, more concerning
[17], enables granular surveillance of daily behaviours that teams
themselves don’t consider problematic.

5.3 Dealing with Misalignment
Our findings suggest that misalignment in group informatics sys-
tems operates at multiple levels. Algorithm-Algorithm misalign-
ment may not need to be resolved if users interpret different mea-
sures as complementary. However, the lack of Human-Human align-
ment is more fundamental, suggesting that group informatics sys-
tems will be evaluated against different standards by different team
members. The visual interpretation finding suggests that even well-
designed algorithmic measures may be systematically misread in
practice. We also note that our sample was modest, so H-H align-
ment within teams could differ with added team members. This
also means that we cannot necessarily determine whether the al-
gorithms align with the team’s negotiated understanding of their
shared understanding. However, our work demonstrates that peo-
ple within and between teams have differing interpretations of
shared understanding, meaning that teams will likely struggle to
converge on one perception of it, and this will likely not be captured
by algorithms.

Fundamentally, our results raise the question of whether align-
ment is achievable, or even necessary. We saw evidence of misalign-
ment across all three types of alignment evaluated. Our quantitative
study revealed little correlation between algorithmic measures; our
qualitative participants noted that they found value in divergent
metrics, using discrepancies to deepen their understanding of the
construct. Forcing algorithmic alignment—by choosing a single
measure—would eliminate this richness. Addressing H-H and H-A
misalignment, group informatics systems could support individu-
alized representations of the data. For example, Balaam et al. [9]
introduced a system that enabled schoolchildren to communicate
their emotions to their teacher. They allowed students to choose
how to represent their emotions (via colours), and they allowed
the teacher to set individualized rules for what constituted a pos-
itive or negative emotion, customizing their dashboard to align
with these rules. Similarly, group informatics systems could allow
team members to personalize their dashboards according to their
interpretation of successful teamwork. While this might work for
systems that capture individualized measures of collaboration, it is
counterproductive for systems that capture group-level measures.
To improve upon these measures, teams would need to take coor-
dinated action, and collaboratively discuss the measures—which
would be challenging if teammates saw different dashboards.

Previous work suggests that perfect alignment should not be
the goal, and that instead we should aim for functional alignment
in measures that teams find useful for reflection [68], even if they
do not perfectly match every member’s intuition. This raises the
question of who the systems should be useful for. It is well known
that workplace data collection and reporting are common forms of
workplace surveillance [53, 55], which makes ‘useful for whom’ a
political question. Even measures designed to support team reflec-
tion may be misused to exert control over employees. We argue that
the question of alignment is important for distinguishing teamwork
feedback systems from surveillance machines. Ultimately, whose
interests are served by metrics depends on who controls their defi-
nition and interpretation [86]. These systems have the potential to
change who is observing work [54], who has authority [86], and
who can set normative expectations [54, 86].

5.4 Limitations and Future Work
The insights from this study should be interpreted with some limi-
tations in mind. First, we focus our discussion of group informatics
systems as tools for knowledge workers, yet past work has shown
that workplace measurement is applied differently to different types
of work [55]. While our sample size for the in-situ, qualitative eval-
uation was small, we were able to identify a breadth of perceptions
of shared understanding, and differences across members of the
same team. The in-situ user study focused on a single team channel
to allow participants to discuss alignment across different points
in a single conversation, but prevented us from assessing whether
alignment perceptions differed by conversation topic.

Our technology design probe was designed to enable partici-
pants to reflect on their perceptions of shared understanding, and
whether the algorithms aligned with these perceptions. Thus, the
goal was not to measure the effectiveness of such a tool in the
long term, and we leave the question of the effectiveness of group
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informatics systems for future work. Particularly, we note that our
qualitative study prompted participants to reflect on and critically
analyze their shared understanding, which is a process that may
not happen naturally, and likely will affect how beneficial the group
informatics system is. Future work should examine which organi-
zational conditions, such as how reflection happens and the team
culture, are important to translate group informatics feedback into
team action. While privacy and surveillance are incredibly im-
portant considerations in designing informatics systems, we have
only scratched the surface of this discussion. While we note that
some privacy concerns seem to stem from the assumption that
there would be a misalignment in interpretation between work-
ers and leaders, there are likely many more factors that influence
perceptions of privacy.

The two population study characterizes alignment in text-based
collaborative work across different populations, providing comple-
mentary perspectives on alignment. However, each population has
limitations worth acknowledging. Each population, on their own,
is modest in size—particularly limiting any statistical claims in the
quantitative work. All qualitative participants are from academic
or software contexts, meaning they may not reflect all knowledge
workers, and may be more comfortable with algorithmic tools. The
student teams reflect a more structured work process than the
organic processes in professional teams.

In addition to the future research directions already mentioned,
we share a larger group informatics research agenda. First, we plan
to continue investigating other common challenges in informatics
systems, such as privacy expectations in group-level measures and
how to provide actionable, individual feedback when the group
measure is more than the sum of its parts. We also foresee a fu-
ture in which these systems can double as data-collection tools
for researchers, enabling them to store anonymized, aggregated
values and use them to study relationships between online actions,
collaborative constructs, and team outcomes.

6 CONCLUSION
Social scientists have long known that successful team outcomes
are related to a number of complex group-level constructs. While
important, their nuanced nature and lack of measurement options
make it challenging for teams to understand how they are doing
and identify ways to improve. We argue that informatics systems
can be designed to measure these group-level constructs, albeit
with new and increasingly critical challenges. In this paper, we
study one challenge in-depth: alignment. Using a functional tech-
nology probe that measures team-level shared understanding, we
investigate the influencing factors of human-human alignment,
human-algorithm alignment, and algorithm-algorithm alignment.
We found little evidence of alignment across the board. We find that
alignment is influenced by the need for a holistic measure of com-
plex constructs, as demonstrated by the complementary nature of
different measures, the human-human barrier to human-algorithm
alignment, and the influence of visual presentation. We also find
that alignment perceptions are influenced by extreme and unex-
pected events. We discuss the construction of holistic measures
of successful teamwork, the importance of day-to-day variation
in teamwork effectiveness, and the value of reaching alignment.

We surface key design questions to consider as we continue to
investigate the applicability of automated teamwork systems.
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A SHARED UNDERSTANDING METRICS
Language Style Matching: In Equations 1 and 2, 𝑐𝑎 , 𝑐𝑏 are fre-
quency measures for linguistic category 𝑐 for team members 𝑎 and
𝑏,𝐶 is the total number of linguistic categories being studied, and 𝑛
is the number of consenting team members who sent a message on

the chosen channel on the chosen day. LSMgroup is then displayed
over time (Figure 3).

LSMcategory = 1 − |𝑐𝑎 − 𝑐𝑏 |
𝑐𝑎 + 𝑐𝑏 + 0.001

(1)

LSMgroup =
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𝑎=1
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( 1
𝐶
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LSMcategory (𝑐𝑎, 𝑐𝑏 )) (2)

Knowledge Convergence: The aggregated messages are tok-
enized and stop words are removed. Then, a document-term matrix
is created that describes how commonly each term is used in each
document, where a document is the aggregation of all messages
sent by a user in a channel on a day. Using the Gensim package
[109], LSA was applied to the document-term matrix. To choose
the appropriate number of topics (or the k vectors to retain in
the resulting LSA matrix), we iterate through topics from 2 to
𝑛𝑢𝑚𝑏𝑒𝑟𝑜 𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠/5, recording the 𝑐𝑣 coherence measure from
the Gensim package, and the model with the highest coherence is
retained. Using this model, for each channel and day, every team
member’s messages are transformed into a vector, where the group
value for that day is calculated as the centroid of all team members’
vectors. The “total knowledge” defined for that time period is the
group centroid on the last day of the time period. Then, for each day,
we calculate the cosine similarity between each teammember’s cen-
troid, the team average centroid, and the “total knowledge” centroid.
Thus, this plot describes how quickly the team converges on their
knowledge, and who within the team is driving this convergence
(Figure 3).

Semantic Coherence: The initial steps in the algorithm are
the same as for Knowledge Convergence: tokenized messages are
turned into a document-term matrix, input into LSA, where the
number of topics is chosen by optimizing for 𝑐𝑣 values. Semantic
coherence is a group-level value, calculated by taking the sum of
each team member’s LSA-resultant vector for each day, and then
taking the norm of this vector [35] (Equation 3 where𝑚 represents
number of consenting team members). Since each team member’s
vector represents the distribution of “topics” discussed, if all team
members had similar distributions, the norm of the vector would
be higher. We scale this value to be between 0-1 for consistency
with the other plots (Figure 3).

𝜒 =
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𝑚

𝑠𝑖






 (3)

Embedding Space Similarity: This value is calculated similarly
to LSM where the embedding space vectors for each possible pair
within the team are compared, and the similarity is averaged across
the whole group. We use the Together AI API to access embedding
models [106] as it has the strongest privacy measures, and we use
the ‘m2-bert-80M-32k-retrieval’ model to capture message embed-
dings [51]. For each channel, day, and user, we input the aggregated
messages into the model to retrieve an embedding vector. We then
calculate the cosine similarity between each possible pair in the
team for each day, and average this similarity across all pairs to get
an average vector for the team on each day, which is then plotted
for the user (Figure 3).
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B DATA FLOW DIAGRAM

Figure 8: Data flow for the SharUn technology probe. Public channel Slack messages were filtered by the selected date range and
only those message sent by consenting team members were retained. This data was sent to the AWS-hosted Slack application,
where APIs were used in the processing of the four shared understanding algorithms. Then, these four algorithms were plotted
over time, and these images were sent back to the Slack application, and displayed alongside static explanations for the user.

C QUANTITATIVE STUDY - SURVEY QUESTIONS

Table 3: Survey questions

Construct Question

Shared Goals
In this team, we share a common vision.
In this team, we act toward common goals
Members of this team act without having a clear di-
rection (reverse-scored)

Shared Knowledge

Members of this team know what tasks other team
members deal with
In this team, we share with one another the tasks we
work on
Sharing with one another in the context of the course
project enables us to better understand the needs of
each other
Sharing with one another about our course project
issues enables us to better understand how our actions
impact other team members
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D SURVEY STANDARD DEVIATION

Figure 9: The full range of per-team standard deviations for each question in the measure of shared understanding, per time
period.
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