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Abstract

We developed Litteraturmaskinen, a graphical
annotation and exploration interface that en-
ables students to collaborate on labeling sen-
timent in literary passages, comparing their
decisions with model predictions, and justi-
fying their interpretations. We deployed the
system in two educational settings: A univer-
sity module on computational literary studies
and regular teaching by two first-language high
school teachers. Based on observations, col-
lected teaching plans, and interviews, we find
that tensions between epistemic and academic
traditions are both a barrier for integration and
a productive entry point for literary reflection
and argumentation. We conclude with recom-
mendations for integrating NLP into literature
and first-language curricula.

1 Introduction

The rapid diffusion of language technologies based
on large language models (LLMs) has transformed
how students encounter text, interpretation, and
analysis across disciplines. While natural language
processing (NLP) has traditionally been taught
within computer science curricula, recent years
have seen growing interest in introducing NLP con-
cepts to students in the humanities (Jockers, 2014),
language studies (McEnery and Hardie, 2012), and
secondary education (Berendt et al., 2020). This
shift raises a central pedagogical challenge for NLP
education: How to teach computational models of
language in ways that respect and leverage the inter-
pretive practices of humanistic disciplines, rather
than reducing them to technical abstractions.

In this paper, we argue that sentiment analysis
of literary texts offers a particularly effective entry
point for teaching NLP to literature students. Al-
though sentiment classification is often presented
as a simple supervised learning task, applying it
to literary language immediately exposes tensions
around ambiguity, narrative perspective, historical

context, and cultural specificity. These tensions
are not obstacles to learning; rather, they provide
fertile ground for developing computational think-
ing alongside critical reflection on what language
models can and cannot capture.

Our work is situated in the context of Danish
literary education, where students engage with his-
torically and culturally embedded texts that differ
markedly from the English-dominated, contempo-
rary datasets typically used in NLP instruction. Lit-
erary texts resist stable labels, foreground inter-
pretive plurality, and challenge assumptions about
linguistic meaning as context-independent. When
students are asked to annotate sentiment in such
texts, they naturally begin to question whose senti-
ment is being modeled, how context is truncated,
and why language models appear to “know” senti-
ment at all.

To support this pedagogical approach, we devel-
oped Litteraturmaskinen, a graphical user interface
for text annotation and exploration that allows stu-
dents to label sentiment in literary passages, com-
pare their interpretations with model predictions,
and generate visualizations of sentiment in larger
text pieces and corpora. We deployed this sys-
tem in two educational settings: a university-level
module in computational literary studies and two
first-language (L1) high school teachers’ regular
teaching.

Analyzing interviews with students and teach-
ers, teaching plans and observation notes, we find
that sentiment annotation in literature promoted
both literary discussions and reflections on the op-
portunities of NLP technologies within literature
analysis and teaching. The disagreement between
human and model interpretations functioned as a
productive teaching moment, encouraging students
to articulate assumptions about language, meaning,
and modeling. Last, the findings show how NLP
methods conflict with epistemic traditions and aca-
demic identities among teachers and students, both
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of whom questioned whether NLP methods were
developing or diluting their academic practice. We
conclude with practical recommendations for edu-
cators seeking to integrate NLP into literature and
language curricula.

2 Related Work

Our contribution aligns with and extends prior work
on teaching NLP through socially meaningful tasks,
such as hate speech detection and societal empow-
erment (Cignarella et al., 2024; Yang et al., 2025).
However, our focus differs in two important re-
spects. First, rather than addressing contemporary
social media language, we center on literary texts,
where ambiguity and contested interpretation are
intrinsic rather than exceptional. Second, rather
than aiming primarily at awareness-raising or ethi-
cal positioning, we emphasize how literary analysis
can serve as a theoretical and pedagogical resource
for understanding NLP models themselves. Below,
we account for existing research on teaching NLP
in Upper-secondary education (high school) and
higher education.

2.1 NLP in Upper-Secondary Education

Most applications of Natural Language Process-
ing (NLP) in secondary education are centered on
generative Al and focus on improving language
proficiency and assessment in foreign and second
language learning contexts. Recent studies predom-
inantly focus on enhancing writing and reading
comprehension (Xiao, 2025), facilitating vocabu-
lary acquisition (Alsakaker, 2025), generating or
tailoring student feedback (Zhang et al., 2025), and
teachers’ and students’ attitudes towards the use of
generative Al in education (DeVito et al., 2025).
While establishing Al and NLP as powerful in-
struments for individualized instruction and skill
development, this body of work has rarely been
extended to students’ interpretive or analytical en-
gagement with literary texts per se, and least of all
in L1 education.

Reviews on how Al is integrated in K-12 (kinder-
garten -to 12th grade) education show diverse ex-
amples of how learners can grasp core Al con-
cepts through hands-on, collaborative, and project-
based activities, but that there is a need for more
curriculum-integrated designs (Martins and Gresse
Von Wangenheim, 2022) and pedagogical frame-
works to integrate Al literacy effectively (Ng et al.,
2023). In a Danish context (same as this study),

Bundgaard and Kalsgaard Mgller (2024) show that
students extensively use generative Al in home-
work and assignments alongside limited pedagogi-
cal guidance and calls for more research exploring
different approaches to teaching and learning about
the technologies as well as building the necessary
literacies. Allred et al. (2024) explores a "social"
approach to text annotation, in which students com-
ment and respond to shared texts that support dia-
logic teaching in secondary English classes. The
results showed that while structured teacher guid-
ance was necessary, it promoted rich interactions,
interpretive reasoning, and collaborative text en-
gagement. Similarly, Connelly et al. (2025) de-
sign a web-application and paper-based activities,
where students build small physical language mod-
els, to make NLP teaching more accessible and
graspable in high school education. Bilstrup et al.
(2025) co-design NLP activities with L1 teachers
and demonstrate how NLP and L1 competencies
interplayed with each other when NLP technolo-
gies and methods were sufficiently integrated into
the subject.

2.2 NLP in Higher Education

Most instances of NLP in higher education simi-
larly focus on improving academic writing, com-
prehension, and assessment. A substantial body
of work addresses automated evaluation and feed-
back (Perelman, 2014; Zhang and Hyland, 2022).
Other studies focus on examining Al tools as tutors
and guidance mechanisms in self-regulated learn-
ing in higher education (Kasneci et al., 2023; Lee
et al., 2024). While this research demonstrates the
potential of NLP tools for scalable feedback and
learner support, it typically frames students as end-
users of Al systems — particularly LLMs — rather
than as critical investigators of how such technolo-
gies function and how they shape knowledge pro-
duction. In this regard, Southworth et al. (2023)
argue that Al literacy initiatives at the university
level often prioritize tool use over conceptual un-
derstanding, ethical reflection, and methodological
critique. Moreover, these initiatives frequently re-
main confined to STEM disciplines, marginalizing
perspectives from the social sciences and especially
the humanities.

Within Digital Humanities (DH), increasing
attention has been paid to the pedagogical im-
plications of applying computational methods in
humanities education. In general, DH pedagogy
has conceptualized the digital both as a set of tools

119



and methods that support humanities research
and teaching, and as an object of critical inquiry
in its own right (Georgopoulou et al., 2025).
However, several scholars note that DH teaching in
higher education often emphasizes computational
methods primarily as analytical tools, at the cost of
critical engagement with NLP models themselves.
This has prompted calls for a greater focus on
Critical DH and Critical Al pedagogies, which
foreground methodological reflexivity and engage
students with NLP tools not as neutral instruments,
but as cultural artifacts embedded in specific
historical, social, and political contexts — and thus
shaped by particular biases (Georgopoulou et al.,
2025; Schneider and Oliveira, 2025; Roe et al.,
2025).

Responding to these calls, we explore how both
secondary and higher education can integrate data
annotation activities and sentiment analysis into
humanities teaching. We propose an approach
that positions NLP methods and models not only
as analytical tools but also as objects of critical
inquiry that support interpretive literacy, method-
ological awareness, and reflective engagement with
language technologies.

3 Theoretical Framing & Design
Rationale

We provide a theoretical background and two de-
sign rationales for our educational tool and activi-
ties:

1. Sentiment Analysis as a Literary Task: Over
the past two decades, sentiment analysis (SA) has
become one of the most widely adopted methods
in applied NLP, developing into an established re-
search area with dedicated conference tracks and
workshops (Kim and Klinger, 2021). Researchers
have used SA to investigate a broad set of ques-
tions traditionally of interest to literary scholars,
including character analysis (Vishnubhotla et al.,
2024), narrative structure (Reagan et al., 2016),
aesthetic positioning (Elkins, 2022), literary qual-
ity (Bizzoni et al., 2023), and canonicity (Degn
et al., 2025). Literary meaning is shaped by differ-
ent elements, such as focalization, narrator stance,
tone, figurative language, and cultural context, all
of which complicate the relationship between tex-
tual features and sentiment (Piper et al., 2021).
Engaging with SA requires students to draw on
narrative theory, to examine how emotions are con-

veyed through subtle linguistic cues, and to recog-
nize the culturally situated nature of sentiment in
literary texts. For example, annotating sentiment
compels students to consider narrative voice, fo-
calization, and degrees of narrator reliability. It
also prompts reflection on how genre conventions
shape the expression and interpretation of emotion.
By having students use their literary knowledge
to annotate sentences from relevant texts, they ex-
perience how this simple annotation task is not
trivial, but requires foundational literary competen-
cies. They encounter the interpretive dimensions
through the coarse-grained classifications used in
sentiment analysis that foreground literature’s com-
plexity through their very inadequacy. The fric-
tion between computational categories and literary
nuance becomes an instructive moment. In this
way, sentiment classification renders visible the
challenges of modeling interpretive judgment and
emotional subtlety — competencies that lie at the
core of both applied NLP and literary analysis.

2. How LMs Learn Sentiment from Text: Mod-
ern sentiment classifiers build on representations
learned through language modeling, where mean-
ing is acquired via distributional semantics and
co-occurrence patterns: words and expressions that
frequently appear in similar contexts are assigned
similar representations (Mikolov et al., 2013). Be-
cause large language models are trained on corpora
such as Wikipedia, books, and web text, they im-
plicitly learn associations between lexical patterns
and evaluative language, enabling downstream sen-
timent prediction (Devlin et al., 2019). There are
also limitations of this approach. Language mod-
els operate on fixed context windows and lack ex-
plicit access to broader narrative structure (Levy
et al., 2024), cultural background (Hershcovich
et al., 2022), or historical conventions (Al-Laith
et al., 2024), which is particularly consequential
for literary texts.

Students encounter this through participating in
fine-tuning a classifier to a specific literary corpus,
using it to analyze the corpus, and comparing the
results with generic classifiers. Through this activ-
ity, they experience why sentiment classification
works in practice and why it systematically fails in
cases involving irony, perspective shifts, or cultur-
ally specific expression.
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Klasse: Data Sprint KB

Dataseet: Danske romaner

Antal tekster: 21

Antal saetninger: 135919

2. Annotere

1. Pree-annotere

Afstem hvordan I vil annotere
saetnignerne, og undersgg om I er enige i
jeres annoteringer.

Annotér et repraesentativt udsnit af
teksterne.

Pre-annotation - Annotation -

5. Analysere

Brug modellen til at analysere
tekstkorpusset.

Analysing
novels -

Kvantitativ tekstanalyse

Gennem dette projekt vil vi bruge en kvantitativ metode til at analysere teksterne i Danske
romaner dataseettet. Det gor vi ved at analysere en saetning af gangen og annotere dem
med anmaerkningerne: Negativ, Neutral, Positiv . De annoterede saetninger vil danne et
datasaet, som vi kan bruge til at treene sprogmodeller til at automatisere denne analyse. Vi
har delt metoden op i nogle skridt, som I kan se nedenfor. I skal starte med skridt ét.

See the novels in the dataset 4

3. Treene sprogmodel 4. Teste sprogmodel
Jeres annoterede saertninger bruges til
at treene en sprogmodel. Treen og test en model pa jeres

annoterede saetninger.

AP

Fine-tuning Testing model -

Figure 1: When students log into Litteraturmaskinen, they see a front page organized into five steps that mirror a

simplified language-model fine-tuning process.

4 The Litteraturmaskinen Interface

Litteraturmaskinen (‘The Literature Machine’ in
English) is a web application for orchestrating text
annotation activities in classroom contexts. We
designed it to support integration of digital/NLP
methods into literary analysis activities in humani-
ties classes. It gives a low-barrier-of-entry to struc-
tured annotation and quantitative analysis of litera-
ture, thus making such activities more accessible
for non-technical students and teachers. Further, it
aims to bridge the tensions in the epistemic tradi-
tions by connecting close reading of literary texts
and knowledge of literary periods with structured
annotation tasks and quantitative argumentation.
The tool provides a graphical user interface that
enables students to annotate sentences, compare
annotations, test fine-tuned models, and generate
visualizations of how fine-tuned models label nov-
els and text corpora. The classroom works on a
shared project and provides annotations to a shared
dataset. Further, the web-application has a teacher
page, where the teacher can create new annota-
tion projects, give students access to different steps
in the annotation process, inspect student annota-
tions, and submit datasets to fine-tune new models.
Lastly, the system has a backend that stores the text
corpora and annotations from different classrooms

in a database, fine-tunes Bert models on student-
annotated data when a new dataset is submitted,
and deploys new endpoints that make the models
available in the web application.

4.1 Interface Features

When students log into the system, they see a front
page (see Figure 1) organized into five steps that
mirror a simplified language model fine-tuning pro-
cess: pre-annotation, annotation, fine-tuning, test-
ing model, and analyzing novels. Each tile (squared
button) links to a sub-page which guides students
through the step, except for step three (fine-tuning)
which is controlled by the teacher who submits the
annotated sentences to the backend as explained
above. The teachers can control which steps the
student can access through a teacher page; e.g., the
teacher can give access to the annotation step when
the classroom have aligned their annotation strategy
through the pre-annotation step. Figure 2 shows
two sub-pages of the interface, where students an-
notate sentences and can inspect the distribution of
annotations for each sentence. Figure 3 shows two
types of visualizations from the ’analyzing novels’,
based on the predictions of the fine-tuned models.
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@ Not in bold: context

“N4... ?Han dode, da jeg var lille. P4 fotografiet findes en mand i solen: en mand med skygge ned over
fraen Han smiler stort, et laederbrunt ansigt med blanke
taender, har der ser farvet ud, og en skjorteN karrygul hor.”

- Dataset: Danske romaner

In bold: Text to be annotated

Annotere tekst

v=v Negative
* Neutral

rsite Positive Submit annotation

Indsend: Ingen valgt

Sk|p — I

sutninger Amotetsom sonneer

Distribution of

i u Skips
annotations = i P

Semfnce

Figure 2: Two sub-pages of the Litteraturemaskinen interface: Left) The interface for annotating a sentences. Right)
Interface for inspecting the distribution of annotations for each sentence.

Den lille pige med svovlstikkerne Skyggen

Skarnbassen

Den lille pige med svovlstikkerne Skyggen

11.9%

20.6%
17.6%
17.4%
58.8%
20.6%
70.7%

M Neutral [ Negativ [ Positiv

M Neutral W Positiv [l Negativ

Skarnbassen

7.9%

74.5%

M Neutral [ Positiv [l Negativ

Figure 3: Two types of visualizations of sentiment in the Litteraturmaskinen interface. The visualizations are based
on predictions from classifiers fine-tuned on student-annotated data. Here sentences from H.C. Andersen fairy tales.
Top) Emotional arcs of fairy tales. Bottom) The fairy tales’ distributions of sentiment.

5 Evaluation

We evaluated our educational design of Litteratur-
maskinen in two different contexts and from two
different perspectives. 1) Two high school L1 teach-
ers adopted Litteraturmaskinen for standard class
instruction to teach about H.C. Andersen’s fairy
tales. 2) We conducted a workshop with under-
graduate humanities students on comparing how
sentiment is used in both prestige fiction and crime
fiction. In both contexts, students annotated the
sentence-level sentiment polarity (negative, neu-
tral, or positive). Teachers and workshop partici-
pants were assured of anonymity and informed of
the research purpose, data storage and usage. The
student-annotated sentences were only collected

for educational purposes and will not be reused for
other purposes.

5.1 High School Setting

We instructed two high school L1 teachers in us-
ing Litteraturmaskinen in a three-hour workshop,
where we also introduced them to literary SA, basic
NLP concepts, and a corpus with H.C. Andersen’s
fairy tales. Both teachers integrated activities with
Litteraturmaskinen into their regular Danish teach-
ing. Teacher (T1) taught in a first year classroom
and teacher (T2) taught in a third year classroom.
They both taught two modules of 1.5 hours each
with Litteraturmaskinen where the students anno-
tated sentences from the fairy tales in the first mod-
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ule and used the resulting classifier in the second
module to analyze and compare fairy tales (through
the types of visualizations shown in Figure 3).

In total, the high school students annotated 1131
sentences with Krippendorft’s o = 0.68.

5.2 University Setting

We also conducted a workshop within a university-
level teaching context. This three-hour extracur-
ricular session was open to humanities students,
both undergraduate and graduate, at a Danish uni-
versity. Eighteen participants were present at the
outset of the workshop, of whom ten participated
for its full duration (many had to leave to attend
a lecture). Most participants were students from
the Danish Program and therefore had a direct aca-
demic interest in the workshop’s thematic focus on
Danish literature, and the application of NLP to
Danish-language materials.

Against this academic background, instructors
and workshop participants jointly prefaced the
annotation process by formulating theoretically
grounded hypotheses at both the overall corpus
level and the individual novel/plot level, which
could then be tested by running the fine-tuned
model. At the corpus level, the hypothesis was
that crime fiction would display stronger sentiment
switching and polarization than prestige fiction, re-
flecting its plot-driven dynamics, while at the level
of individual novels the resolution of the crime
would be reflected in the sentiment distribution.

In total, the participants annotated 249 sentences
with Krippendorff’s o = 0.72.

6 Data Collection & Analysis

We collected qualitative data through observations,
lesson plans, and interviews. In the high school
context, we asked both of the teachers to make de-
tailed lesson plans (describing what they did in the
classrooms and why) and interviewed each of them
after they had taught their last module with Lit-
teraturmaskinen. In the higher education context,
four researchers (authors) made observations dur-
ing the workshop, and we interviewed four partici-
pants (Danish university students) after the work-
shop. Both teacher and student interviews were
conducted with a semi-structured interview guide
that asked them about their initial thoughts about
the activities, how the activities gave new insights
about literary texts, how the activities gave new in-
sights about Al technologies, and how/if they could

use similar NLP methods in their future practice.
We conducted an inductive analysis of the data,
which resulted in the four themes presented in the
next section.

7 Findings

We present insights from the case study in the form
of four themes that emerged from the data anal-
ysis. In the following ‘teachers’ (T) will refer to
high school teachers and ‘students’ (S) will refer to
university students if nothing else is specified. We
interviewed two teachers and four students.

7.1 Tension Between NLP Methods and
Academic Identities

Students and teachers were critical of the value
of computational methods in literary analysis and
questioned whether they were developing or di-
luting academic practice. Both their attitudes and
subsequent activities with the tool evidenced this.

The two teachers negotiated their sense of pro-
fessional expertise in the activities differently. T1
articulated a pronounced tension between a self-
identified position as a humanist and the perceived
technical demands of working with computational
or Al-based tools: “It suddenly dawned on me that
I had to teach something that reaches well beyond
my field of expertise.” [T1]. T2, by contrast, ac-
knowledged moments of uncertainty but framed
them more pragmatically, presenting the activity
as a joint exploration with students: “Let’s see
what we can get out of this.” [T2] Whereas T1’s
reflections foregrounded disciplinary boundaries,
T2 focused on adaptive framing and shared inquiry
as strategies for managing uncertainty.

The students had a general skepticism towards
Al e.g., ‘As a Danish student [humanist], you
have a tendency to think that Al is your worst en-
emy” [S1]. However, they all indicated that they
participated in the workshop because they hoped to
be challenged in their skepticism. S1 and S2 found
it difficult to accept the premise of the activity,
e.g.: “All the small nuances that can be embedded
in irony, double meanings, and metaphors. They
simply disappear.” [S2]. Both S1 and S2 acknowl-
edged that it could be a way “fo start with some-
thing extremely simplified” [S1]. S2 also admitted
that she stopped listening when we explained how
the annotated data was used to fine-tune a language
model, because she did not perceive herself as hav-
ing the background knowledge to understand the
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technical setup. S3 found it interesting to compare
the language of prestige literature and crime fiction,
but she was also worried about our intentions with
the workshop. Did she “contribute to automate her
own function as a literary scholar?” [S3].

The findings demonstrate how students and
teachers were cautious towards the NLP methods
but also curious about how they could be integrated
into their existing practices.

7.2 Epistemic Tensions Promoted Literary
Reflections

Disagreements between human and model inter-
pretations of the literary texts promoted reflections
on how text is interpreted in different contexts and
worked as a productive teaching moment.

Both teachers reported high student engagement
during the activities. T1 observed “heated dis-
cussions across groups” [T1] as students debated
how to assign sentiment to isolated sentences. She
thought that these disagreements prompted deeper
disciplinary conversations about context, genre,
and authorship. T2 highlighted that Litteraturmask-
inen made linguistic features visible and tangible,
while T1 emphasized that the interpretive ambigui-
ties inherent in sentiment analysis led to valuable
L1 discussions. Both teachers thus found that the
tools could catalyze interpretive dialogue, though
through slightly different modalities. T2 empha-
sized playful experimentation and T1 emphasized
analytical tension.

In general, the students indicated that the work-
shop had taught them new perspectives on litera-
ture: how taste in literature and literary interpreta-
tions are embedded in cultural and social contexts.
E.g., S4 reflected on how they interpreted ‘death’ as
negative in their sentence analysis but that it could
be interpreted differently in other cultures. It made
her wonder if she could use NLP to investigate how
different cultures and religions understand death
or other concepts. Similarly, S2 had become more
aware of how complex language is and how “We
can read things extremely differently depending on
the perspective we bring to them.” [S2].

We also observed this during the workshop. The
annotation task prompted a discussion among the
participants about the narratological level at which
the annotation should be performed — for exam-
ple, whether annotations should target individual
characters, the narrator, or the text’s global eval-
uative stance. In parallel, the students discussed
the amount of contextual information included in

annotation and training, and whether the model can
distinguish, on the basis of context, between, for
example, heroes and villains, irony, and humor, as
well as the role of linguistic features — such as syn-
tax and sociolect — as potential sources for emotion
and sentiment annotation.

While polarity classification is often introduced
as a simple supervised task, the findings demon-
strate how — in a literary context — it immediately
raises questions about interpretation, ambiguity,
perspective, and cultural context, which prompted
reflections and insights into how literacy is embed-
ded in cultural and social contexts.

7.3 Reflection on the Capabilities and
Opportunities of NLP Technologies

Both students and teachers saw new opportunities
in NLP technologies after having used Litteratur-
maskinen but they had also become more aware of
the technology’s limitations.

Both teachers openly framed the classroom ac-
tivities as ’experimental’, i.e., the use of Litteratur-
maskinen was to be seen as a new tool in literary ex-
ploration. T1 foregrounded disciplinary boundaries
and potential epistemic tensions, being concerned
with maintaining an L1 focus amid perceived tech-
nological complexity. T2’s account emphasized
pedagogical adaptability and student motivation,
describing the activities around Litteraturmaskinen,
as “quite successful as it gave rise to relevant dis-
cussions in class on the importance of context,” and
how being given only individual sentences had the
students focus much more intently on “the tone of
the sentence and its constituent words”. T2 also
suggested ways to further adapt the tool for L1,
such as allowing teachers to upload their own texts.

The activity had started reflections among the
interviewed students on how language models are
trained. S1 had become more aware of what it
requires to train a model for a specific task; how
biased chatbots are because of the human judg-
ments that go into the models: “/HJow it is socially
conditioned [how you annotate the sentences | by
where you come from culturally, where in the coun-
try you are from, and your background. And how
much influence we actually have on language mod-
els.” [S1]. She further wondered how the model
would have performed if it was trained on a smaller
corpus of text. S4, similarily, wondered how it
would work if the model was trained on children’s
literature which can be more explicit and unam-
bigious in its emotions. We also observed these
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types of questions being raised during the work-
shop. One student, for instance, asked whether the
training of the classification model started from
scratch using only the workshop’s training data, or
whether it built upon a pre-trained model that was
further fine-tuned on the dataset. Another student
raised the question of why next-word prediction is
a central training objective, and how this objective
enables a model to acquire linguistic competence.

The interviewed students were critical of the va-
lidity of the results. S1 would have liked to have
time to iterate more on the model to improve the
issues they identified when testing the model. S3
were intrigued by how a language model can be
trained to navigate in different contexts through
fine-tuning. She imagined how a model could be
trained to understand the emotional intents of peo-
ple from different professions or cultures: “If there
is a teacher facing a very multicultural group of
students who use terms that she—or he—may not
be used to using.” [S3] During the workshop, we
observed the students identify and discuss the lim-
itations of NLP technologies. For instance, they
highlighted potential sources of error in annotation,
including subjectivity and the cultural embedded-
ness of emotional perception, as well as ethical
reflections on annotation bias and the implications
of training language models on biased data.

The findings show how the activities with Litter-
aturmaskinen gave a deeper understanding of how
language models are trained and prompted reflec-
tions on the capabilities and opportunities of NLP
technologies.

7.4 Reflections on Practical NLP-Integration

Both teachers and students reflected on how NLP
technologies and methods can be integrated into
their practices.

T1 raised explicit concerns about whether Lit-
teraturmaskinen were “LI-content relevant enough,
or whether instead it would be more at home in a
separate subject, such as technology comprehen-
sion.” [T1]. She also reflected critically on the epis-
temic dimension of the activities, asking: “Once
having completed these activities, is it us, then,
or the machine, who come out the wiser?” [T1].
In contrast, T2 perceived Litteraturmaskinen as
meaningfully connected to the L1 subject, albeit
in different ways. The Litteraturmaskinen was, for
her "a student-friendly way of fostering a linguistic
focus,” [T2]. Where T1 questioned whether compu-
tational methods belonged within the disciplinary

frame of L1, T2 argued for their contribution to
students’ general formation and digital literacy. T2
also saw a clear pedagogical transfer: After the
initial activity, students successfully applied senti-
ment annotation to a new text, albeit working in an
analogue fashion, demonstrating heightened aware-
ness of how sentiment is conveyed linguistically.
The workshop spurred reflections on how Al
tools could be used in literary studies. The students
indicated that they had experienced the workshop
as a way to be equipped to use Al tools in more
reflexive ways: “It is positive to use Al not to gener-
ate text and replace one’s own thinking, but to use
it actively as a tool.” [S4]. They also highlighted
how they could gain more control of how Al should
influence their subject through understanding and
working with the technology: “It is important that,
as a student of Danish [literature], you gain knowl-
edge about this [NLP methods] and learn how to
use it, so that it doesn’t suddenly overtake you from
the inside. That way, we can have influence over
how we end up using it.” [S1]. S2 did, however,
also indicate that she saw it more as a necessity to
learn about than something she found interesting.
The findings show how the activities provided
a starting point for reflections on how NLP meth-
ods and technologies can be tighter integrated into
practices in literature research and teaching.

8 Discussion

In the context of literary studies, sentiment analysis
is an act of reduction as it steers the interpretative
attention away from the text as whole and towards
individual sentences. Treating all sentences and
texts equally, rather than highlighting a selected
few as in conventional close reading practices, sit-
uates the students within a quantitative mode of
literary analysis, often referred to as ’distant read-
ing’ (Moretti, 2013) or macroanalysis’ (Jockers,
2013). Both university students and high school
teachers took a curious but skeptical approach to
this reductive method and emphasized the ambi-
guity and cultural context when conducting the
sentiment analysis. This skeptical stance mirrors
broader debates in literary studies, where distant
reading and other quantitative approaches have of-
ten been met with concern about reduction and loss
of interpretive nuance (Da, 2019). It is important to
note that the participating university students took
part in the workshop as an extracurricular activity,
suggesting a degree of self-selection and curios-
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ity. When integrating NLP tools into curricular
teaching, it may be valuable to begin from students’
own literary questions and interests, and to invite
reflection on what kinds of literary inquiry they
themselves would like to pursue through compu-
tational and quantitative approaches. Thus, this
skepticism can refine the tool’s role as a catalyst
for, and not a replacement of, interpretation.

The pedagogical value of classification tasks
such as sentiment analysis lies primarily in making
interpretive disagreements visible (Plank, 2022).
From a didactic perspective, and as our findings
suggest, these moments of disagreement can be
understood as productive rather than problematic.
They create opportunities for students to reflect on
interpretive plurality, categorical reduction, and the
human assumptions embedded in computational
models. Altogether, the findings indicate that NLP-
based literary activities can be meaningfully inte-
grated into literary education across educational
levels when framed as exploratory, critical, and
dialogic.

While sentiment classification provides an ef-
fective entry point for introducing NLP concepts,
future work could move from predictive tasks to
generative models that can articulate explanations
and arguments (Wiegreffe et al., 2022). Rather than
asking models to assign labels, students can engage
with systems that generate justifications for a given
interpretation, compare alternative readings, or ar-
ticulate counter-arguments grounded in different
narrative perspectives (Sui et al., 2025). Such uses
shift the focus from correctness to reasoning (Wei
et al., 2022), aligning more closely with literary
pedagogy while also exposing students to central
challenges in NLP, e.g., faithfulness, uncertainty,
and cultural grounding (Bender et al., 2021). Fram-
ing generative models as tools for argumentation
rather than authoritative interpreters reinforces crit-
ical engagement and supports a transition from
classification to interpretive reasoning.

9 Recommendations

Based on the presented work with Litteraturmask-
inen, we propose four key recommendations for
integrating NLP into literature and 1L curricula.

Leverage model-human disagreement. Dis-
agreements between student annotations and model
predictions should be foregrounded as pedagogical
opportunities rather than treated as errors. Such
mismatches naturally prompt discussion of narra-

tive perspective, ambiguity, and contextual limits,
turning error analysis into interpretive inquiry.

Articulate interpretive reasoning in annotation.
Annotation tasks should require brief justifications
alongside sentiment labels. This encourages reflec-
tive annotation, aligns with literary pedagogy with
interpretations anchored in text-specific arguments,
and provides insight into how students reason about
sentiment, perspective, and context.

Introduce distributional semantics early. A
concise explanation of how language models learn
from co-occurrence patterns helps students under-
stand why sentiment prediction is possible at all.
Framing this learning process as statistical rather
than semantic establishes realistic expectations and
supports critical evaluation of model outputs.

Support interdisciplinary course design. Ef-
fective integration of NLP into literature curricula
benefits from the collaboration between literature
and computer science educators. This collabora-
tion helps to ensure that computational methods are
introduced responsibly while remaining anchored
in established interpretive practices.

10 Conclusion

This paper contributes to integrating NLP methods
into literature and L1 education. We argue that
sentiment analysis provides a productive bridge be-
tween NLP and literary interpretation. To support
this approach, we developed Litteraturmaskinen
as an interface that supports reflective annotation
and reasoning and evaluated it with university stu-
dents and high school teachers. We found that
the epistemic tensions between NLP methods and
close-reading promoted literary reflections and en-
gaged students and teachers in understanding NLP
technologies. Based on these experiences, we pro-
vide four recommendations for integrating NLP
into literature and L1 curricula.
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