
Proceedings of NLPerspectives @ LREC 2026, pages 136–144
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026

136

A Pilot Study Investigating Stakeholder Subjectivity in Collaborative
Dialog Analysis

Ananya Ganesh1,2, Martha Palmer1, Katharina von der Wense1
1University of Colorado, 2University of Wisconsin–Madison

Correspondence: aganesh27@wisc.edu
Abstract

Qualitative research in education relies on“ground truth" codes or labels generated by having a trained or expert
coder code observations in data such as student dialog. Although rigorous validity checks are a part of the coding
process, there is limited research investigating how and to what extent, this notion of the ground truth is influenced by
inherent task subjectivity. This paper presents a pilot study of task subjectivity centered around the phenomenon of
verbal off-task behavior. The context for this study is real-world small-group collaborative conversations among
three to five students in a middle-school science classroom. To investigate how stakeholders such as teachers and
students show subjectivity in approaching this task, we recruit five teachers from the Prolific online platform, and five
students from local middle and high schools as annotators of off-task speech. We show that teachers, students, and
expert coders differ in their perception of off-task speech, with some of these differences being systematic. Drawing
upon recent research in machine learning and natural language processing, we then outline the potential benefits of
collecting and modeling a range of codes that explicitly represent the subjective perspectives of a diverse set of coders.
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1. Introduction and Background

Collaborative learning – the process through which
multiple students come together to interactively
learn a common topic – has been recognized as a
critical component of modern classroom environ-
ments (Graesser et al., 2020). Apart from facili-
tating the socio-cognitive development of learners
(Vygotsky, 1978), specific skills imparted to stu-
dents through the collaborative learning process
include argumentation (Osborne, 2010), discus-
sion and negotiation (Roschelle, 1992), and shared
knowledge construction (Bereiter, 2002). Towards
understanding collaborative learning, learning an-
alytics research has underscored the importance
of students’ dialogic interactions. However, man-
ual qualitative analysis of student dialog poses a
heavy demand on the time and labor of qualitative
researchers, and is thus constrained by speed and
scale. Consequently, there has been much inter-
est in the development of computational models
both to analyze collaborative dialog (Rosé et al.,
2008; Yin et al., 2025) and to improve collabora-
tion through automated interventions (D’Mello et al.,
2024) based on such analysis.

Data-driven analysis and modeling of collabo-
rative dialog is typically centered around “ground
truth” observations of behaviors of interest. Ex-
amples of relevant behaviors include displays of
collaborative problem solving skills such as negotia-
tion with team members (Sun et al., 2020). Human
coders or annotators are trained to identify such
observations, typically from video data, but also
from textual transcripts and audio recordings. The
coding process comprises multiple stages of valida-

tion where inter-rater reliability is measured and the
agreement between raters is iteratively improved
through discussions and by refining the codebook
based on nuances observed in the data (Reitman
et al., 2023). The motivating factor in this process
is the need to minimize disagreement, i.e., codes
are thought to be more reliable when they are inde-
pendently produced by multiple coders. Moreover,
when the goal is to use the generated codes to
train automated classifiers, the individual codes
or labels may undergo further aggregation such
as by selecting a single label through majority or
ensemble voting.

However, several papers in machine learning
(ML) and natural language processing (NLP) have
argued that disagreements in annotation should be
“embraced”, that is, used in downstream analysis
orin classification models, rather than pruned (Rei-
dsma and op den Akker, 2008; Plank et al., 2014b;
Alm, 2011). Arguments include better data utiliza-
tion (Plank, 2022) (i.e., not discarding human feed-
back particularly with already scarce datasets), im-
proved estimates of predictive uncertainty (Khurana
et al.), the possibility of multiple valid answers (Alm,
2011), as well as the need to model diverse per-
spectives, since individual experiences may affect
the way that text may be interpreted (Prabhakaran
et al., 2021). Modeling diverse perspectives is also
considered a step towards robust and reliable mod-
els that minimize bias (Kirk et al., 2024).

Subjective perspectives have been shown to de-
pend on the socio-demographic backgrounds of
annotators and their lived experiences. Waseem
et al. (Waseem, 2016) show how hate speech
annotations done by expert annotators who are
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activists differ from those done by crowdworkers.
Age (Diaz et al., 2018) and gender (Biester et al.,
2022) have also been shown to contribute to vari-
ance in judgments. Much of this work on subjec-
tivity focuses on analyzing variations in third-party
annotators such as crowdworkers, who typically
have no direct involvement in the task being stud-
ied. Some exceptions include Arora et al. (Arora
et al., 2020) – who recruit female journalists on
Twitter who have been targets of abuse as annota-
tors for hate speech data, and Patton et al. (Patton
et al., 2019) – who show that members from groups
discussed in tweets about gang activity annotate
psycho-social attributes differently than social work
students. In this work, we propose to study subjec-
tivity from the perspective of stakeholders as they
will be beneficiaries of similar automated systems
based on data-driven models and as they tend to
generate speech very similar to that observed in
our data on a regular basis (i.e., classroom dialog).

To the best of our knowledge, there is no work
that discusses annotator subjectivity as applied to
collaborative dialog analysis or towards tools for in-
structional support. However, labels solicited from
students through self-reports have been used suc-
cessfully to model student affect (Broekens and
Brinkman, 2013). (Zambrano et al., 2024) exam-
ined how supervised classifiers using self-reported
labels vary from those using classroom observa-
tions, finding that both labels are useful in model-
ing different components of affect. Moreover, in
learning sciences and education research, some
work highlights how an ethnographic perspective
should be adopted when coding discourse (Hen-
nessy et al., 2020), which i) takes into account the
socio-cultural setting where the conversations take
place; ii) treats the observer (or annotator) as an-
other source of influence on the “knowledge” that is
produced during coding (Haraway, 1988; Gee and
Green, 1998). Hennessy et al. (Hennessy et al.,
2020) further discuss how coding schemes may be
hard to adhere to for a coder who was not involved
in the development of the scheme itself. Despite
this observation, they discuss the importance of
measuring reliability with multiple coders in order
to share schemes for general use.

Given how achieving high reliability goes hand-
in-hand with a rigorous annotation process where
disagreements are discussed, the primary contri-
bution of our study will be an analysis of disagree-
ments resulting from the subjective perspectives of
annotators in annotating classroom dialog. Specifi-
cally, we study the task of detecting students’ off-
task speech. Off-task behavior during collaborative
learning has been the subject of study by learning
scientists from multiple perspectives. Some work,
such as Sabourin et al. (Sabourin et al., 2011)
discusses the negative effect of off-task behavior

on learning; more recent work by Langer-Osuna
et al. (Langer-Osuna et al., 2018) discusses the
impact of off-task speech on equity by serving as a
mechanism for marginalized students to make bids
for participation when their voices are neglected.
Computational modeling of off-task speech has
thus focused on both enabling further qualitative
analysis (Ganesh et al., 2023) and on detection
with the goal of adaptively scaffolding collaborative
learning (Carpenter et al., 2020).

Judging whether an utterance is on-task or off-
task naturally requires some subjectivity on the part
of the labeler. Since data-driven tools for support-
ing collaborative learning will ultimately be used by
the target audience of students and teachers, our
main contribution is a pilot study focused on un-
derstanding how such potential stakeholders com-
pare in their perceptions of off-task speech. We
investigate the research question: do teachers and
students differ in their annotations when instructed
to annotate classroom dialog for verbal off-task be-
haviors, and if so, in what way? As our second con-
tribution, we also discuss the potential benefits of
explicitly representing subjectivity when developing
applications for studying or supporting collaborative
learning.

2. Methods

2.1. Data

We use the dataset described in Southwell, et al.
(Southwell et al., 2022), which was shared with us
for research purposes. The dataset consists of five-
minute long transcripts of small-group discussions,
collected from a middle-school science classroom
in the United States. The subject of instruction is
a curriculum unit called Sensor Immersion (SI) fo-
cused on “programmable sensor technology”. Stu-
dent interactions are recorded through desk-top
mics, and manually transcribed and anonymized,
yielding 27 transcripts with 1680 student utterances
in total. The entire dataset was then labeled by
trained annotators for whether or not each utter-
ance is on-task, for the purposes of a separate stan-
dalone study on detecting off-task student speech.
Each transcript was double-annotated, i.e., labeled
by two annotators who have extensive experience
in linguistic annotation tasks. The labels provided
by the annotators included on-task, off-task, and
undecidable given the context. When labeling an
utterance, the annotators look at the entire text tran-
script to obtain contextual information, but due to
data protection restrictions, the annotators do not
have access to audio or video recordings. The an-
notators also have access to all the curriculum ma-
terials contained in the sensor immersion curricu-
lum unit. Disagreements between annotators were
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adjudicated using a third annotator, and inter-rater
agreement was 0.647 (as measured by Cohen’s
kappa), indicating substantial agreement. The re-
sulting labeled dataset is highly skewed, as the
natural occurrence of off-task speech is lower than
on-task speech, making up only a fourth of the
dataset.

For the purpose of the pilot study, we scale down
the dataset to four transcripts owing to time and
cost constraints. Based on the viability of the pilot,
we plan to extend the study on a larger dataset and
more tasks in future work. The four transcripts we
select have a good representation of both on-task
and off-task utterances. We discard any unclear
utterances that are transcribed only as [inaudi-
ble] or [noise]. We are left with 399 content-ful
utterances in total, and the corresponding label dis-
tribution is shown in Figure 1. Any student names
in the utterances are redacted, and the transcripts
are completely anonymized.

Off Task On Task Undecideable
0

50

100

150

200

Co
un

ts

171

220

8

Label Distribution for Adjudicated Annotations

Figure 1: Distribution of the three labels for the on-
/off-task classification task for the four transcripts
used in the pilot study. The labels are from the adju-
dicated dataset after double-annotation by experts.

2.2. Participants
As mentioned above, our goal is to study anno-
tations contributed by two types of stakeholders,
namely students and teachers. Previous work in
NLP that provide datasets with a range of annota-
tions vary in the number of annotators that they in-
clude, with many using three (Plank et al., 2014b,a;
Arora et al., 2020), some using three to five (Dem-
szky et al., 2020), and some going up to 641 an-
notators (Sap et al., 2022). Based upon these ref-
erences, we recruit five annotators each for the
student and teacher group for a total of ten anno-
tators. We share an annotation guideline with the
participants that lists examples of on-task and off-
task utterances and gives them instructions on how
to make use of contextual information to handle
ambiguous or edge cases. This annotation guide-
line is largely the same as that used by the expert

annotators; however, unlike the expert annotators
who were given access to the entire curriculum, in
the interest of time, we provide a brief description
of the topics seen in the transcripts and explicitly
list keywords like micro:bit, sensor, Makecode, etc.,
in the annotation guideline.

Student recruitment: Since the conversations
that we model are all from middle-school class-
rooms, we recruit student annotators from a similar
age range. We advertise the study in community
hubs around Boulder, Colorado and the surround-
ing areas and on social media. Our five participants
are all between 12-14, with four of them from Boul-
der, and one from the California Bay Area. We
collect annotations from each of the participating
students through a single 90 minute one-on-one
Zoom study. During the study, we share the anno-
tation guideline containing the task description and
labels, and ask them to code a small sample of five
utterances while explaining their reasoning. We
correct any misconceptions at this stage and then
collect annotations for all transcripts, framing the
task as answering yes/no/I don’t know to the ques-
tion “Is the given utterance on-task?”. We do not
interfere or help the students when they start anno-
tating the transcripts. At the end of the study, each
participant is paid $37.5 (at $25 per hour) for their
time. We note here that while the participants are
students, and represent the perspectives of stake-
holders of interest to us, they are not the same
students whose speech was originally recorded in
the data.

Teacher recruitment: To collect teacher annota-
tions, we use a crowd-sourcing tool called Prolific1

where domain experts who are verifiably employed
in specific professions can be recruited. We recruit
middle and high school teachers located in the US,
and our five participants are all middle-aged teach-
ers. We share the same annotation guideline that is
shown to the students, and use the same five exam-
ples as a filter condition, i.e., if a candidate answers
those questions incorrectly, their submissions are
not accepted. Unlike the study with the students,
the teachers submit their annotations entirely of-
fline, although they have the option to contact us if
needed. Compensation is again $25/hr per person.

2.3. Evaluation
Our focus at the evaluation stage is to compute
agreement metrics that shed some light on whether
teachers and students differ noticeably in their re-
sponses. We therefore report intra-group agree-
ment, e.g., between all five students, as well as

1https://www.prolific.com/

https://www.prolific.com/
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inter-group agreement, e.g., between students and
teachers.

In order to compute inter-group agreement, we
perform label aggregation at the group level. For
every utterance, we take the mode among all la-
bels from a group (five in this case) and use that
to represent the final group judgment, e.g., if four
teachers answer on-task, and one answers off-task,
the “teacher” label is considered to be on-task. We
also use this aggregate to compare against our
original expert-annotated labels.

We report percentage agreement for all sets of
annotations. Since we have a group of five annota-
tions, we report two percentages: i) full agreement,
where all five annotators in a group agree on the
label and ii) all-but-one agreement, where all but
one of the annotators agree. The second metric
provides some leeway for one of the annotators be-
ing a slight outlier, and has been reported in prior
work as well (Demszky et al., 2020).

In addition to percentage agreement (which gives
some insight into accuracy), we also report the
Fleiss kappa to measure agreement between all
five annotators in a group (henceforth denoted by
κ). The Fleiss κ (Fleiss, 1971) is found to be more
suitable than the Cohen’s κ when the number of
annotators is more than two. κ is from a scale of
0 to 1. The goal of the κ score is to shed light on
whether the agreement is due to random chance or
if it is due to a reliable overlap between the raters.
While the interpretation of the score is always con-
textual due to the number of labels/raters, we follow
the guideline of (Landis and Koch, 1977) to judge
whether agreement is poor or good. They sug-
gest that κ > 0.61 indicates substantial agreement,
0.61 < κ > 0.41 indicates moderate agreement,
and 0.41 < κ > 0.21 indicates fair agreement.

Finally, we also compute and report statistics
regarding the distribution of labels in each group.
For a group, we compute this cumulatively: given
five sets of annotations for four transcripts (total
length 399), we combine all the labels such that we
have a pool of 399 * 5 labels (i.e., 1995). The label
distribution that arises from this will tell us about all
the group members’ judgments.

3. Results

3.1. Intra-Group Agreement

Table 1 shows the agreement between the five
teachers and between the five students who par-
ticipate in our study. Looking at the percentage
agreements for teachers, we see that on slightly
less than half the utterances, all the group members
assign the same label to the utterance. When we
look at only whether four of them agree, the agree-
ment jumps to three-quarters of the dataset. The κ

score of 0.419 indicates moderate agreement.
The agreement between students is slightly

higher, with about half of the utterances receiving
complete agreement, and almost 80% of utterances
having at least four of the students providing the
same annotation. Similar trends are indicated by
the numerical value of κ, which, at 0.522 is higher
for the student group compared to 0.419 for the
teacher group. However, according to the guide-
line mentioned above, both these κ values indicate
moderate agreement.

Table 1 also shows the agreement between ex-
perts on the subset of four transcripts used here.
The κ value of 0.519 indicates moderate agreement
which shows that this specific subset has lower
agreement even among the experts than the en-
tire dataset (on which agreement was substantial).
However, since the number of expert annotators is
fewer than either the teacher or student group, we
do not directly compare the rates of expert agree-
ment to the other two groups.
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Figure 2: Distribution of labels across all four tran-
scripts for all five annotators, shown for both the
teacher group and the student group.

Next, we look at the label distribution on the cu-
mulative labels of all annotators in a group, shown
in Figure 2. We see that both groups use the un-
decidable label at equivalent rates. However, the
student group uses the off-task label much more
than the teacher group, indicating that students
judge that utterances are off-task more often. while
teachers may consider them to be on-task.

3.2. Inter-Group Agreement
As described in Section 2.3, we report inter-group
agreement on the aggregated labels in Table 2.
For each utterance, the teacher label represents
the majority label out of all five teachers’ individual
labels, and similarly for the students. The expert
label in this case refers to the adjudicated label
from the dataset.

We see that the majority label chosen from the
student group does have a very high overlap with
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Metric Teacher Agreement Student Agreement Expert Agreement
Full agreement 44.61% 51.13% 72.43%

All-but-one agreement 75.94% 79.70% -
Fleiss κ 0.419 0.522 0.519

Table 1: Percentage agreement and Fleiss κ within the five teachers and within the five students. The last
column reports agreement between the two expert annotators on the four transcripts alone.

Group % Ag. κ

Teacher–Student 91.73% 0.819
Teacher–Expert 86.72% 0.731
Student–Expert 89.47% 0.795

Teacher–Student–Expert 83.96% 0.782

Table 2: Inter-group agreement between student
annotations, teacher annotations, and the expert
annotations. We report both percentage agreement
and Fleiss κ scores. Results are across every ut-
terance in the dataset.

the majority label chosen from the teacher group –
91.73% of all utterances have the same majority la-
bels, indicating “almost perfect” agreement with a κ
value of 0.819 (Landis and Koch, 1977). Looking at
how the majority labels from both groups compare
to the expert annotator’s labels, we note that the
students agree with our expert annotators slightly
more than the teachers do: the agreement between
the student label and the expert label is 89.47%
with κ = 0.795, and the agreement between the
teacher label and the expert label is 86.72 with
κ = 0.731. However both these κ values indicate
substantial agreement. Overall, when we consider
the agreement between the teacher, student and
adjudicated label, we get a percentage agreement
of 83.96% where κ = 0.782, once again indicating
substantial agreement.
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Figure 3: Label distributions of teacher, student and
the expert labels. The teacher and student labels
are given by the respective majority vote, and the
expert label is given by the adjudicated label.

Figure 3 shows the majority label distribution of
all three annotator groups, namely the teachers,
students, and the expert annotators. We report re-
sults on every utterance in the dataset after group-
level aggregation: the teacher and student group’s
label are their respective majority labels, and the
expert labels are the adjudicated labels from the
dataset. We first observe that the expert anno-
tators resort to using the undecidable label more
than the teachers or the students. We believe this
could be explained by two reasons: i) Since there
are only two expert annotators, the adjudicated la-
bel could be undecidable when only two people
choose it. However, for the group annotations, the
label could only be undecidable if a majority of the
five choose it, typically at least three. ii) The ex-
pert annotators spend a longer time working with
the transcripts, as they annotate 27 transcripts as
compared to only four for the student and teacher
groups. Thus they may be applying finer-grained
judgments when distinguishing between the labels
and are more sensitive to the highly ambiguous
cases where a decision cannot be made given the
information available.

Next, we observe that apart from the undecidable
label, the label distribution of the student majority
label shares more similarities with the expert anno-
tator’s label rather than the teacher. In comparison
to the expert annotator and the students, the teach-
ers have more of a tendency to label utterances
as on-task rather than off-task. This is a surprising
result as anecdotal evidence indicated that teach-
ers may be ‘stricter’ or be more likely to conclude
that speech is off-task. Although prior research
hasn’t investigated subjectivity in judging off-task
classroom speech, some research has shown that
experienced teachers exhibit more awareness of
off-task behavior in classrooms than novice or “stu-
dent” teachers (Wolff et al., 2017; Shinoda et al.,
2021). Based on these findings, if the student can
be considered as a less experienced judge, we
would again expect the teachers to identify more
utterances as off-task than on-task, which is not
the case here.
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Teacher–Student: On-Task–Off-Task Teacher–Student: Off-Task–On-Task
“I think she’s color blind.” “Oh my god, oh my god. oh my god. oopsie daisy.”

“Oh that’s just dope. I love that color.” “Dang it.”
“Well whose fault is that?” “Do do do do. Can’t touch this. [noise]”

Table 3: Examples of utterances where students and teachers disagree. In the first column, the teacher
label is on-task but the student label is off-task. In the second column, the opposite occurs.

3.3. Qualitative Analysis of
Teacher/Student Labels

To get a closer understanding of stakeholder’s sub-
jectivity, we examine the pattern of disagreements
between the majority labels of the teachers and
the students. We first reiterate that agreement be-
tween teachers and students was almost perfect,
with 91% of the utterances being labeled similarly
by the teachers and students. The remaining 9%
comprises 35 utterances. Of these, 28 of the utter-
ances (80%) are cases where the teacher labels
an utterance as on-task and the student labels the
utterance as off-task, and only 13 utterances are
cases where the teacher label is off-task and the
student label is on-task.

Table 3 shows some examples of utterances
where disagreements occur. The utterances where
teachers judge an utterance as on-task but stu-
dents do not are instances of students engaging in
a minor aside in the middle of a problem-solving
interaction, such as admiring the color of an artifact
they produced on screen. Interestingly, the com-
ment “I think she’s color blind” does not seem to
be made rudely; the surrounding context reveals
that the student is indeed color blind and needs
help distinguishing wires, but a student annotator
may have interpreted it to be a disparaging com-
ment, whereas the teacher annotators interpret it
differently. The cases where students label utter-
ances as on-task but teachers do not, include minor
swear words such as “dang it” as well as effusive
or repetitive.

4. Discussion

The research question that we investigated through
this study was to investigate if teachers and stu-
dents differ in their labeling of classroom dialog,
and if so, in what ways. The high agreement (κ
> 0.8) that we observed when comparing majority
labels indicates that there is no statistically signifi-
cant difference in teacher and student annotations.
However, we do find that i) students show higher in-
group agreement than teachers ii) students and ex-
pert annotators recognize off-task utterances with
a higher frequency than teachers. Moreover, the
disagreements appear to be systematic and not
random, since there is a pattern of teachers be-

ing more lenient with minor asides, while students
strictly judge these utterances as off-task.

Applications of stakeholder perspectives in
classrooms The first implication of our study is
on the notion of a “ground truth”, particularly when
the ground truth data comes from technologists
who are building the tools and not from the stake-
holders who may be using them. In this case, if an
automated off-task utterance classifier was to be a
part of a teacher-facing real-time learning analyt-
ics dashboard to support small-group discussions,
the teacher’s preferences may differ from the clas-
sifier’s learned representations, resulting in false
positives. This is also the case if an underlying
model is expected to serve multiple stakeholders
or applications, such as providing analytics to both
teachers and qualitative researchers. Collecting a
range of annotations that go beyond experts and
include contributions from stakeholders could there-
fore be useful in modeling different preferences for
different application.

Implications on reliability and trust The other
benefit in using a range of annotations is from
a reliability perspective when deploying machine
learning models in the high-stakes environments
of classrooms. Discriminative classifiers’ estimate
of the likelihood of each class can be obtained as
a probability score, referred to as the model’s un-
certainty. In designing dashboards or in instruc-
tional tools that intervene based on a students’ de-
tected state, these probabilities are used to decide
a threshold before an action is taken. However,
research has shown that machine learning models,
particularly, deep neural-network based models are
not well-calibrated and do not produce uncertainty
estimates that accurately reflect the true likelihood
of an event (Ovadia et al., 2019). Typically, this
manifests as overconfidence, especially towards
the majority label or class. The calibration of mod-
els can be improved by using a range of labels
(Prabhakaran et al., 2021; Khurana et al.). One
mechanism is through multi-annotator models, as
demonstrated by Davani et al. (Davani et al., 2022):
by treating each individual annotator’s data as a
separate task, they construct a multi-tasking model
that outputs multiple predictions, which can then
be aggregated. The resulting uncertainty estimate
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is shown to be a better measure of disagreements
between annotators than if the labels were aggre-
gated prior to model training.

Through this pilot study, we showed that subjec-
tivity, specifically from the perspective of stakehold-
ers, is a factor when coding classroom dialog. We
advocate for the collection and release of a wide
range of annotator-level labels to facilitate the cre-
ation of reliable models that incorporate stakeholder
judgments. In the future, we will extend this study
to a larger dataset as well as investigate different
behaviors, such as CPS skills.

5. Limitations

The central goal of our study is to examine stake-
holder subjectivity in annotating classroom dialog.
However, despite our pilot study showing some dif-
ferences in the way students and teachers perceive
off-task dialog, the strength of our conclusions is
limited by scope as we only look at five students and
five teachers. A broader study that includes a larger
pool of participants is essential before we can make
strong recommendations for the design of learning
analytics systems or interventions based on the
phenomenon of stakeholder subjectivity. Moreover,
for greater ecological validity, both the teachers and
students must share context (such as being from
the same school) with the students who generate
the utterances represented in our data – which is a
setting that we were unable to demonstrate in our
study due to unavailability of the original classroom
participants.
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