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Abstract

We propose a method to evaluate the extent
to which an LLM’s observable input–output
behavior aligns with established theories in
the humanities and cultural studies. We in-
stantiate the framework on three humanities
theories—Davidson’s truth-conditional seman-
tics, Lewis’s truth in fiction, and Iser’s con-
cept of textual gaps—using a top-down, theory-
driven black-box framework. Core assump-
tions of these theories are reconstructed into
testable behavioral rules and assessed via con-
trolled classification tasks with systematic
prompt comparisons and significance testing.
Our experiments show that theory-uninformed
classification prompts generally outperform
theory-enriched prompts in Lewis and Iser set-
tings, while theory-informed prompts help in
the Davidson task. Gemini Flash consistently
achieves the highest scores across tasks and
corpora, while the Iser gap detection task re-
mains substantially harder than binary truth-
conditional judgments. Statistical tests con-
firm robust prompt effects and the failure of
basic prompts. However, model behavior under
incremental theory exposure is unstable and
architecture-dependent.

1 Introduction

In the Digital Humanities in general, and in Compu-
tational Literary Studies in particular, the question
of how theories and concepts from the humanities
and cultural studies can be modeled and opera-
tionalized has long played a central role (Moretti,
2014; Flanders and Jannidis, 2018). This question
revolves around the problem of how cultural and
textual phenomena can be datafied without losing
core specificities. Here, we understand “datafica-
tion” as the translation of textual properties into
formal, machine-readable representations, and “op-
erationalization” as the development of procedures
that, in multiple steps, map the extension of field-
specific concepts onto indicators in texts, thereby

enabling subsequent measurement (Pichler and Re-
iter, 2022; Jacke, 2025). Answering this question
is complicated by the fact that there are no widely
accepted conceptualizations of theory in the human-
ities and cultural studies in general, nor in literary
studies in particular. While the notion of “con-
cept” in literary studies appears to share the same
facets as in the general philosophical debate on con-
cepts (Margolis and Laurence, 2023), the notion
of “theory” is characterized by nuances that repeat-
edly depart from an understanding of theory as
explicit, ordered, and logically consistent systems
of categories designed to describe and explain the
phenomena within a given domain. For modeling
literary theories and operationalizing their guiding
concepts, it follows that reconstruction procedures
are often necessary; their selection is guided by
pragmatic criteria and geared toward the further
algorithmic processing of their results.

With the rise of generative large language mod-
els (LLMs) and the so-called prompt-and-predict
paradigm that characterizes their use (Liu et al.,
2023), the impression arises that at least one of the
central problems of modeling textual data and op-
erationalizing text-analytical concepts can be par-
tially addressed: Now that one can interact with
the models via string manipulation, it appears less
necessary to clarify in detail how one’s data model
relates to texts or how computational measurement
methods relate to traditional concepts. One might
simply articulate this relationship verbally (Hal-
terman and Keith, 2025) without having to formu-
late formal-technical mapping rules—by which we
mean explicit, transparent mappings between theo-
retical categories and algorithmic operations.

Tempting as this hope may sound, it is gradu-
ally becoming clear that it holds only to a limited
extent, given that LLMs are not ideology-agnostic
models but, depending on training methods and
training data, incorporate a wide variety of biases.
In this regard, we can roughly distinguish between
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(a) socio-cultural biases, (b) methodological or ar-
chitectural biases, and (c) theoretical priors that
arise from the distribution of the training data. It
remains unclear to what extent such biases can be
defined away through mere instruction in the course
of prompt-and-predict usage. This raises, particu-
larly for Computational Literary Studies, questions
of interpretive validity and the reproducibility of
LLM-based results.

Against this backdrop, we pose the following
two questions:

RQ1. How can we test whether, and to what
degree, a particular theory adheres to an
LLM—that is, the extent to which an LLM
acts in accordance with this theory without
being explicitly prompted to do so? This ques-
tion targets the theoretical bias of large lan-
guage models and its empirical detectability.

RQ2. To what extent does an LLM’s behav-
ior change when it is provided—step by
step—with increasing amounts of information
about a theory? Here, we are interested in the
models’ conditionability and the stability of
their outputs under incremental theory expo-
sure.

In what follows, we propose a method to evalu-
ate how closely an LLM’s observable input–output
behavior aligns with established theories in the hu-
manities and cultural studies. For this purpose, we
have selected three “theories” that we take to be
operationalizable once they have been explicated
to the level of precision required for the tests to
be conducted: Donald Davidson’s conception of
meaning, David Lewis’s conceptualization of truth
in fiction, and Wolfgang Iser’s Leerstelle (“gap”).1

Drawing on NLP work in behavioral evaluation, we
adopt a theory-driven, top-down approach. Start-
ing from a given theory, we reconstruct its testable
claims and decision criteria to derive observable in-
dicators of theory-conforming behavior. Based on
these indicators, we design tasks and test datasets,
then assess the degree to which an LLM’s outputs
match the expected decisions of a scholar follow-
ing the reference theory. Our primary aim is to
demonstrate a general pathway for answering our

1As the debate on the operationalization of literary-
theoretical concepts has shown, such explications may, on
the one hand, risk narrowing the original concepts, but, on the
other hand, if carried out with sufficient precision, they allow
the resulting measurements to be reintegrated into humanities
discourse.

two research questions: derive testable indicators
from suitably explicated theories and use them to
evaluate LLM behavior. We selected Davidson,
and Lewis first and foremost because their core
claims admit precise operationalization into falsi-
fiable decision criteria; second, because questions
about states of affairs in narrated worlds (truth con-
ditions) are central to literary interpretation and
thus to addressing interpretive problems.

2 Related Work

Behavioral Analysis of LLMs In line with prior
work, we adopt the NLP tradition of behavioral
testing (Beizer, 1995), which assesses system capa-
bilities by validating input–output behavior without
access to internal structure (i.e., black-box evalua-
tion).

There are some attempts to test the behavior
of LLMs and compare them to human behavior
in similar settings. Wang et al. (2024) compare
different values of self-attention heads and feed-
forward layers of LLMs with human eye-tracking
measures and find some correlations that are not
present in non-transformer language models. Akata
et al. (2025) let LLMs interact in settings de-
rived from game theory and find LLMs to per-
form well in games where self-interest is involved
and less well in games where coordination is re-
quired. Pichler and Pagel (2025) test LLMs via
prompts with increasing amount of information on
a re-conceptualization of a theory of focalization
and find that the systems do not deviate from their
pre-conceived concepts.

Use of LLMs in Computational Literary Stud-
ies There are multiple recent studies who have
used LLMs in order to solve classification and/or
information extraction tasks from Computational
Literary Studies (Bamman et al., 2024; Hicke and
Mimno, 2024; Konle et al., 2024; Pagel et al., 2024;
Wu et al., 2024; Bamman et al., 2025; Gius et al.,
2025; Graciotti et al., 2025; Guhr et al., 2025;
Hicke et al., 2025b; Hicke and Mimno, 2025; Irfan
and Ali, 2025; Jannidis et al., 2025; Klähn et al.,
2025; Majumdar et al., 2025; Michel et al., 2025;
Pichler et al., 2025; Tudor et al., 2025; Werner and
Reiter, 2025).

Hicke et al. (2025a) use LLMs to carry out fo-
calization annotations in a selection of novels by
Stephen King. Interestingly, they found the models
to be not very receptive to prompt variations and
in particular, one of the best performing prompts
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was one that did not contain any theoretical no-
tions about the target concept (i.e. focalization) at
all and they theorize that GPT-4o had utilized pre-
exiting notions of focalization from its pre-training
data (see Hicke et al., 2025a, p. 745).

3 Workflow

In the following, we describe the workflow that can
be used to check whether an LLM produces outputs
consistent with the decision criteria of a researcher
working within a specific theory in the humanities
or cultural studies. The workflow implements a
form of behavioral alignment testing. Behavioral
alignment testing is a method that compares the be-
havior of an LLM with that of an informed human
being. Therefore, the three theories are converted
into a format that allows their core assumptions
to be tested. Specifically, we derive testable be-
havioral rules from the core assumption(s) of each
respective theory. These behavioral rules are formu-
lated as conditionals, predicting specific behaviors
that align with the antecedent conditions, i.e. the
conditions of the literary text. The individual steps
of the workflow we use are as follows:

Identification of Core Assumptions The first
step takes as its starting point the characteris-
tics of humanities theories already outlined in the
introduction–especially the fact that these are of-
ten not explicit, ordered, and logically consistent
systems of categories. It involves the systematic
identification of core assumptions or foundational
principles underlying a given theoretical frame-
work. These assumptions serve as the theoretical
premises from which testable behavioral rules are
derived. They define the central characteristics of
the subject area and specify how these characteris-
tics or statements about them are to be linked.

Formation of Behavioral Rules Based on the
identified core assumptions, testable behavioral
rules are formulated as conditional statements. We
operationalize the consequence relation between a
core assumption and its predicted consequence as
logical entailment (|=). These rules predict how an
individual is expected to behave under the given
theoretical framework. They define the expected
behavioral outcomes and specify the conditions un-
der which deviations from these predictions may
occur. This step ensures that predicted behavior is
directly grounded in the theoretical premises and
can be empirically tested.

Experimental Design An experimental setting
is developed to test manually created sentences
derived from the behavioral rules. LLMs are pre-
sented with these sentences as controlled input,
followed by a classification task or a sentence com-
pletion task. In the classification task, we evaluate
model predictions over a constrained label set (e.g.,
True, False, Undetermined). In the sentence com-
pletion task, the model is prompted to continue a
given sentence, with completion evaluated via the
same constrained label mapping. We compare three
setups: (i) sentence completion task, (ii) theory-
uninformed classification, and (iii) theory-enriched
classification. The design isolates the influence
of specific variables on the LLMs’ interpretive or
classificatory outputs and evaluates whether their
responses align with the predictions derived from
the theoretical premises.

4 Reference Theories and
Operationalization

4.1 Davidson’s Radical Interpretation
The first theory we reconstruct is Donald David-
son’s theory of meaning as he developed it in par-
ticular in Radical Interpretation (Davidson, 1973).
Davidson develops his theory based on the follow-
ing questions: What knowledge could enable a
listener to understand the utterances of a speaker
of a language unknown to the listener? How could
the listener acquire this knowledge?

Davidson’s answer is guided by his central hy-
pothesis “that a theory of truth, modified to ap-
ply to a natural language, can be used as a theory
of interpretation” (Davidson, 1973, p. 189). This
aligns with our aim of operational reconstruction
insofar as Davidson’s program already suggests
a procedure: derive a compositional truth theory
licenses interpretive competence. We adapt this
procedure to account for LLM-specific constraints
(non-agency, lack of beliefs), treating LLM outputs
as simulations of a competent speaker’s judgments.

Core Principle (Truth-Conditional Test):
Given a factual text T that represents a situation
K, and an assertion φ (attributed to a speaker S
at time Z), we evaluate truth relative to T over a
two-way label space by restricting items to cases
where K |= φ or K |= ¬φ. K contains only
information textually licensed by T :

TruthT (φ) =

{
True if K |= φ,

False if K |= ¬φ.
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By construction, items for which T does not fix the
truth value of φ are excluded from the dataset.2

Interpretive Constraint (Charity/Coherence):
Before evaluating TruthT (φ), fix an interpretation
function I (reference assignment, disambiguation,
coreference, quantifier scope) that maximizes co-
herence and charity subject to T and publicly avail-
able evidence (Davidson, 1973). Charity constrains
the choice of I; it is not itself a condition for truth.
We then assess φ under I relative to T .

4.2 Lewis’ Theory of Fiction
David Lewis, in his 1978 essay Truth in Fic-
tion (Lewis, 1983), made the classical contribution
to addressing the question of what holds true in the
fictional world of a literary text. The core idea of
his approach is that the fictional truth of a story
depends on identifying the possible worlds where
the events of the story take place (Köppe, 2014).
Building on this idea, Lewis proposed the follow-
ing three principles for determining fictional truth
in stories:

1. Principle 1: What is explicitly described or
narrated in the story is true in the fictional
world.

2. Principle 2: What corresponds, in its factu-
ality, to our “real world” is also true in the
fictional world (the reality principle).

3. Principle 3: What corresponds, in its factual-
ity, to collective belief worlds at the time the
fictional story was created is also true in the
fictional world (the mutual belief principle).

The principles3 have been subject to criticism
from various theoretical perspectives. Regarding

2In view of the reconstructed Core Principle, several limi-
tations must be noted in relation to Davidson’s theory of mean-
ing. First, LLMs are not agents, they do not possess beliefs,
and consequently cannot hold propositions to be true; we there-
fore assess simulated judgments. Second, the LLM–human
interaction lacks the real-world situational and causal frame-
work presupposed by radical interpretation (Davidson, 2001).
Accordingly, our evaluation is conducted relative to the fac-
tual text T : we restrict the dataset to cases where K |= φ or
K |= ¬φ and use a two-way label space {True, False}. Char-
ity and coherence serve as constraints on interpretation (choice
of reference, disambiguation) rather than as components of
truth conditions. Thus, the test set examines to what extent
LLM outputs approximate the communicative judgments of a
competent speaker in Davidson’s sense, relative to T .

3For Principles 2 and 3, we operationalized our unique
closest world assumption by grounding Principle 2 in currently
valid knowledge, while grounding Principle 3 in knowledge
that was valid at the time of the publication of the literary
texts.

the first principle, it has been argued that it is in-
sufficient because it does not account for implicit
truths. With respect to the second principle (the re-
ality principle), Currie (1990) argued that it results
in: (a) statements that are irrelevant to the plot but
true in reality being considered true in the fictional
world, and (b) in cases of unreliable narration, a
bias toward interpretations that align with our re-
ality. Following Lewis (1983), we operationalize
three core principles of truth in fiction, each paired
with a two-way behavioral labeling rule. The full
formal definitions and interpretive constraints are
provided in Appendix A.

4.3 Iser’s Concept of the Leerstelle
Alongside Hans Robert Jauss, Wolfgang Iser is a
central representative of reception theory in the
German-speaking world. This approach places an
idealized construct of the reader at the center of
its literary-theoretical considerations. Drawing on
Roman Ingarden’s phenomenological theory, Iser
understands literary comprehension as a dynamic
process in which the reader continually draws on
what has already been read while simultaneously
forming expectations about what is to come (Sneis,
2018, pp. 144–161). Because texts never fully spec-
ify all aspects of a represented world, the reader
supplies missing information—from visual com-
pletion, to the establishment of logical coherence.
Central to this is the concept of the gap (German:
Leerstelle).

As recent scholarship has emphasized (Willand,
2015), Iser’s notion is formulated with consider-
able openness, which necessitates explication for
practical application. In this paper, we use the
following: A “gap” is a textually grounded inde-
terminacy—namely, a missing relation between ex-
plicitly articulated partial units (e.g., propositions,
perspectives, or events) that prompts the reader
to establish coherence through inferential reason-
ing and expectation formation, or to process provi-
sional incoherences.

Core Principle (Iser/Gaps) Given a text T that
represents a situation K, and an assertion φ (at-
tributed to a speaker S at time Z), under a fixed
interpretation I:

• φ is True in T if K |= φ,

• φ is False in T if K |= ¬φ,

• φ is Not articulated (Gap) if neither K |= φ
nor K |= ¬φ holds, because T leaves a requi-
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site relation between explicit units unspecified
under I .

Behavioral Rule (Three-way labeling) Under
the fixed interpretation I , assign:

• True if K |= φ,

• False if K |= ¬φ,

• Not articulated (Gap) if neither entailment
holds due to an indeterminacy (a missing rela-
tion among explicit units in T ).

5 Experimental Setup

5.1 Data Annotation
We evaluate our approach using manually created
test data with respect to the narrative worlds of
two literary reference texts—Arthur Schnitzler’s
Amerika and Wolfgang Borchert’s Das Brot—as
well as selected excerpts from newspaper articles.
The test instances consist of sentences specifically
designed for the three theoretical frameworks and,
like the reference texts, are formulated in German.
In the case of Davidson and Lewis, each sentence is
assigned a truth value (true/false), while for Iser an
additional option, “not fully articulated,” is avail-
able (for examples see Appendix C). The test
datasets for Davidson and Lewis were created by
one of the authors of this paper and annotated by
another, whereas the test dataset for Iser was cre-
ated collaboratively. We retained only instances
with full annotator consensus to ensure data quality.
Table 1 provides an overview of the resulting test
datasets.4

5.2 Models
We evaluate four state-of-the-art large language
models via the OpenRouter API: Gemini 2.0 Flash,
Claude Sonnet 4.5, Qwen and Ministral. This
diverse selection spans different model families,
sizes, architectures, and training paradigms, allow-
ing us to assess the generalizability of our findings
across the current LLM landscape.

5.3 Prompt Design
We systematically compare multiple prompt tem-
plates varying in structure and theoretical ground-
ing. Baseline prompts require the model to com-

4All manually created reference data, the Jupyter note-
books used for experimentation, and the resulting evaluation
tables are publicly available at the project’s GitHub repository:
https://github.com/AxPic/LLM-Theory-Alignment.

File Prin. κ N
Davidson – 0.709 170
Lewis-Bor P1 0.971 69
Lewis-Bor P2 0.971 69
Lewis-Bor P3 0.941 68
Lewis-Sch P1 0.850 74
Lewis-Sch P2 0.774 71
Lewis-Sch P3 0.822 73
Iser – – 60

Table 1: Overview of the manually created test datasets,
including inter-annotator agreement (Cohen’s κ) and
the number of rows with full annotator consensus.

plete the input’s last sentence directly with the la-
bel; classification prompts explicitly present the la-
bels but not the underlying theory; theory-informed
prompts incorporate explicit theoretical principles
relevant to the classification task. All prompts in-
clude full textual context and request binary or,
in the case of Iser, multiclass classification out-
puts; exemplary prompts for the Lewis framework
are provided in Appendix D. As an example of a
full-length context, Arthur Schnitzler’s short story
“Amerika” is included in Appendix B as a machine
translation produced with GPT-5.2.

5.4 Evaluation Setup

Experiments comprise the Davidson truth-
conditional task (10 short newspaper articles),
six evaluations of Lewis’s principles of truth in
fiction across two texts (Schnitzler and Borchert,
3 principles each), and two Iser narrative gap
detection tasks (Schnitzler and Borchert).

For each model-prompt-dataset combination, we
conduct up to three independent runs – 3 for the
Davidson and Iser, 2 for the Lewis data – with tem-
perature 0.1 to balance consistency with minimal
stochasticity while capturing any residual variation
in model responses.

Classification Metrics For the Lewis and David-
son experiments (binary classification: true/false),
we report F1-score (weighted), precision, recall,
and accuracy. For the Iser experiment (3-class
classification: true/false/not formulated), we ad-
ditionally report F1-macro and F1-micro scores,
alongside per-class precision, recall, and F1-scores
to assess performance on the theoretically critical
“not formulated” category representing Iser’s tex-
tual gaps (Leerstellen).

Statistical Significance Testing To assess sta-
tistical significance, we employ a multi-tiered ap-
proach adapted to each experiment’s classification
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structure and number of runs: For binary classifica-
tion (Lewis, Davidson), we use McNemar’s test to
compare prompt pairs on individual predictions, ac-
counting for the dependency structure of identical
test instances. For multi-class classification (Iser),
we employ Cochran’s Q test, which tests whether
different prompts achieve systematically different
success rates across the three classes.

All statistical tests use a significance level of
α = 0.05. This framework enables both granular
instance-level comparisons and robust assessment
of run-level consistency, while appropriately ac-
counting for the paired nature of our experimental
design and the distinct classification structures of
each dataset.

6 Results

We report results from nine classification exper-
iments across four large language models. We
present overall performance (§6.1), prompt engi-
neering effects (§6.2), and statistical significance
(§6.3).

6.1 Overall Performance

Across all nine experiments and prompts, the mod-
els exhibited a stable performance ranking with
only minimal variations, though absolute scores
varied substantially by task type. Table 2 sum-
marizes best performance across all experiments:
Models achieved F1-scores ranging from 0.752 to
1.000, with substantial variation across tasks and
prompt types. The F1 scores of the majority base-
line are added for comparison, showing that on
average, models easily outperform this simple base-
line.

Gemini 3 Flash consistently outperformed all
competitors and achieved the highest observed peak
scores. Its performance remained robust across
corpora and task formulations, indicating strong
task-general capabilities.

Qwen 3 Next and Mistral Ministral 14B occupied
intermediate positions across experiments. While
neither model surpassed Gemini in any condition,
both achieved moderate peak performance on se-
lected tasks, with Qwen generally outperforming
Mistral except in one of the Iser-settings.

Claude Sonnet 4.5 showed the weakest over-
all performance. Its best observed result was
achieved on the Lewis-Borchert task with the
theory-uninformed prompt (peak F1=0.869), while
highlighting substantial brittleness with respect to

task formalization and prompt style.
The following patterns emerged with regard to

the individual tasks:

Binary Classification Tasks (Davidson, Lewis)
The binary classification experiments achieved best
F1-scores between 0.841 and 1.000, demonstrat-
ing high overall performance. The Davidson ex-
periment, requiring truth-conditional evaluation
against single contexts, reached F1=0.953 with
Gemini 3 Flash using theory-enriched prompting.
The Lewis experiments, evaluating three different
principles of truth in fiction, showed solid perfor-
mance: Principle 1 achieved perfect classification
on Schnitzler (F1=1.000), though the reality princi-
ple (0.916) and the mutual belief principle (0.905)
proved more challenging. On both test sets best per-
formances were achieved in relation to Principle 1,
which relies exclusively on statements explicitly
articulated in the text, suggesting that the models
– regardless of the theoretical enrichment of the
prompts – have an easier time with this principle
over the others.

Multi-Class Classification (Iser) The Iser ex-
periments, which require three-way classification
(true/false/not formulated), proved substantially
more challenging than the binary settings. Across
models, best performance reached F1weighted =
0.752 on Schnitzler and 0.783 on Borchert, cor-
responding to an average deficit of approximately
0.15 F1 points relative to the binary tasks. These
results suggest that Iser’s concept of Leerstellen
poses a fundamental challenge for current LLMs.

6.2 Prompt Engineering Effects
Figure 1 presents prompt effectiveness across all
experiments. Contrary to initial hypotheses, theory-
uninformed classification prompts consistently out-
performed theory-enriched prompts in Lewis exper-
iments (mean advantage: +0.16 F1 points) and Iser
experiments (Schnitzler: +0.25, Borchert: +0.20),
while theory prompts excelled only in Davidson
contexts.

Prompt effectiveness varied dramatically
in Davidson: prompt_theory achieved mean
F1=0.778, prompt_class F1=0.833, while
prompt_basic achieved rather low scores in
comparison (F1=0.373).

Across all six Lewis evaluations (3 principles
× 2 corpora), theory-uninformed classification
prompts dominated: Schnitzler class=0.822 vs.
theory=0.674 (+0.148); Borchert class=0.828 vs.
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Experiment Task Type Best Model Best Prompt Peak F1 Maj. F1 N

Davidson Binary Gemini 3 Flash theory 0.953 0.373 170
Lewis-Sch P1 Binary Gemini 3 Flash theory_1 1.000 0.379 74
Lewis-Sch P2 Binary Gemini 3 Flash class 0.916 0.423 71
Lewis-Sch P3 Binary Gemini 3 Flash theory_3 0.905 0.437 73
Lewis-Bor P1 Binary Gemini 3 Flash class 0.986 0.408 69
Lewis-Bor P2 Binary Gemini 3 Flash class 0.841 0.425 69
Lewis-Bor P3 Binary Gemini 3 Flash class 0.868 0.436 68
Iser-Sch (3-class) Multi-class Gemini 3 Flash theory 0.752 0.176 60
Iser-Bor (3-class) Multi-class Gemini 3 Flash theory 0.783 0.176 60

Mean (Binary) 0.918
Mean (Multi-class) 0.768

Table 2: Best performance per experiment. F1-scores represent weighted F1-scores.

theory=0.656 (+0.172). This pattern held consis-
tently across principles with only one exception:
Schnitzler Principle 1, where prompt_theory_1
achieved perfect F1=1.000 (vs. class 0.879). The-
ory prompts showed high inter-model variance
(SD=0.335–0.390 vs. 0.075–0.092 for theory-
uninformed classification prompts), indicating sen-
sitivity to model architecture and suggesting that
formal notation does not universally improve clas-
sification.

For the Iser task, prompt effectiveness diverges
sharply by model architecture rather than exhibit-
ing a uniform advantage for either prompting strat-
egy. Across both corpora, Claude consistently
failed under theory-enriched prompting (Macro-
F1 ≤ 0.02 on Schnitzler; 0.00 on Borchert)
while performing substantially better with theory-
uninformed classification prompts (0.41 and 0.37,
respectively). Gemini 3 Flash exhibited the op-
posite pattern, achieving its strongest results un-
der theory-enriched prompting on both Schnitzler
(Macro-F1 = 0.75 vs. 0.54) and Borchert (0.78 vs.
0.64). Mistral and Qwen occupied an intermediate
regime: both benefited from classification prompts,
but theory-enriched prompting degraded collapsed
performance (Schnitzler: Mistral 0.13, Qwen 0.42;
Borchert: Mistral 0.00, Qwen 0.46). These re-
sults contradict the hypothesis that Iser-specific
Leerstellen terminology would uniformly aid gap
recognition.

Relevance of logical notation To test whether
logical notation itself causes confusion, we evalu-
ated a variant (prompt_theory_no_symbol) only
on the Davidson-data in which symbols were re-
placed by natural-language equivalents (“K |= φ”
→ “situation logically supports φ”, “iff” → “if
and only if”). Table 3 shows divergent responses
to symbol removal. Contrary to expectations, re-

Model With Symbols No Symbols ∆ Signif.

Gemini 3 Flash 0.945 0.943 -0.002 p=1.00
Qwen 3 Next 0.840 0.827 -0.013 p=0.50
Mistral 14B 0.822 0.763 -0.059 p<0.001***
Claude Sonnet 0.507 0.386 -0.120 p=0.001***

Average 0.778 0.730 -0.049 —

Table 3: Symbol removal effects per model (Davidson
theory prompts). Negative ∆ indicates performance
loss without symbols. Significance from McNemar tests
comparing predictions.

moving symbols decreased performance (F1 =
0.730 vs. 0.778), with significant degradation for
Claude (−0.120, p = 0.001) and Mistral (−0.059,
p < 0.001), while Gemini remained essentially un-
affected (−0.002, p = 1.0). This counterintuitive
result indicates that formal symbols provide struc-
tural scaffolding that is beneficial even to models
struggling with formal reasoning: Claude’s perfor-
mance, though poor with symbols (0.507), heavily
lowers without them (0.386).

Model-Prompt Interactions Table 4 shows
model-specific prompt preferences averaged across
all nine experiments. Gemini favored formal
prompts marginally in Davidson but theory-
uninformed classification prompts in Lewis/Iser,
yielding near-parity overall (+0.01). Claude
showed dramatic preference for theory-uninformed
classification instructions (+0.20), while Qwen and
Mistral favored theory-uninformed classification
prompts moderately (+0.08, +0.09).

6.3 Statistical Significance

We assess statistical significance at the instance-
level differences by comparing model predictions
across prompts, using McNemar tests for binary
tasks and Cochran’s Q tests for multi-class Iser
tasks. McNemar tests on binary classification
revealed significant prompt differences in 71%
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(a) Davidson truth conditions and Iser gap detection
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(b) Lewis truth in fiction (Schnitzler, Principles 1–3)
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(c) Lewis truth in fiction (Borchert, Principles 1–3)
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Theory-enriched (symbols)
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Figure 1: F1-scores by prompt type across tasks, split
by theoretical framework and corpus. Error bars indi-
cate the standard deviation across models and runs, with
some bars extending beyond the theoretical F1 maxi-
mum of 1.0 due to high inter-model variance. Blue bars
denote theory-uninformed classification prompts; or-
ange bars denote theory-enriched prompts with formal
notation; violet bars denote theory-enriched prompts
without notation (Davidson only). Large error bars for
theory-enriched prompts (e.g., Lewis-Sch P1) demon-
strate architecture-dependent effectiveness, with Gemini
achieving near-perfect scores while Claude fails com-
pletely on the same prompts.

Model Theory Classification ∆

Gemini 3 Flash 0.850 0.861 +0.011
Claude Sonnet 0.365 0.565 +0.200
Qwen 3 Next 0.694 0.772 +0.078
Mistral 14B 0.619 0.708 +0.089

Table 4: Average F1-scores for theory-enriched vs.
theory-uninformed prompts across all experiments. ∆
indicates preference strength (positive values favor role-
based prompts). Theory-enriched prompts substantially
harm Claude (−0.20).

Experiment Signif. Total Rate

Davidson 9 12 75%
Lewis-Sch P1 8 12 67%
Lewis-Sch P2 8 12 67%
Lewis-Sch P3 9 12 75%
Lewis-Bor P1 8 12 67%
Lewis-Bor P2 8 12 67%
Lewis-Bor P3 8 12 67%
Iser-Sch 8 12 67%
Iser-Bor 9 12 75%

Overall 75 108 70%

Table 5: Statistical significance summary. “Signif.” =
comparisons with p<0.05.

of model-experiment combinations. For multi-
class Iser experiments, Cochran’s Q tests showed
67% significance (Schnitzler) and 82% significance
(Borchert), with Borchert’s higher rate reflecting
greater ambiguity and thus larger prompt-driven
performance differences (Table 5).

Consistent patterns emerged: basic vs. theory-
uninformed/theory-enriched comparisons achieved
100% significance (all p<.001), confirming the fail-
ure of basic prompts. Critically, theory vs. theory-
uninformed classification comparisons showed sig-
nificance in only 17% of cases, indicating theory-
enriched prompting rarely yields statistically dis-
tinguishable improvements over simple theory-
uninformed classification prompts.

7 Conclusion

Our experiments across three theoretical frame-
works (Davidson truth conditions, Lewis’s three
principles of truth in fiction, and Iser’s gaps) and
multiple texts yield four main findings. First,
theory-uninformed prompting consistently outper-
forms theory-enriched prompting across all tasks
and models, indicating that the explicit incorpo-
ration of theoretical constraints does not reliably
improve performance under the evaluated condi-
tions. Second, formal notation provides structural
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scaffolding: removing logical symbols from theory
prompts leads to a universal performance decrease
(∆ = −0.049), with particularly severe effects
for Claude (∆ = −0.120), suggesting that sym-
bolic structure anchors model behavior even when
it is not semantically transparent. Third, Gemini 3
Flash performs best overall (rank #1 in 9/9 exper-
iments) while exhibiting near-complete notation-
agnosticism (∆ = −0.002), pointing to architec-
tural capacity for abstraction beyond surface form.
Fourth, multi-class classification in the Iser gap task
remains fundamentally challenging (best mean F1
= 0.768 vs. 0.924 for binary tasks, ∆ = −0.16),
with uniformly low per-class performance (F1 =
0.27) indicating limited conceptual grounding.

Taken together, these results suggest that the ex-
tent to which a literary theory adheres to an LLM
cannot be inferred from theory-enriched prompt-
ing alone, but is more reliably assessed through
controlled comparisons with theory-uninformed
baselines. Across tasks, models do not consistently
act in accordance with the target theory when left
unprompted; instead, apparent theory alignment
emerges primarily when task structure aligns with
strong surface regularities, such as binary truth-
conditional judgments in the Davidson or Lewis
settings. By contrast, tasks requiring abstract or
meta-textual distinctions, such as Iser gap detec-
tion, show no evidence of latent theoretical bias,
with overall weaker performance despite partial
gains from theory-enriched prompting.

Incremental exposure to theoretical information
does not lead to stable or monotonic improvements
in model behavior. Rather, LLMs differ markedly
in their conditionability: while some models (no-
tably Gemini 3 Flash) remain robust under increas-
ing theoretical and notational complexity, others
(notably Claude) exhibit degradation when con-
fronted with formalized theory, especially when
logical notation is involved. The consistent per-
formance drop observed after removing formal
symbols further suggests that models might rely
on notation as structural scaffolding rather than
on semantic understanding of the underlying the-
ory. Overall, theory prompting yields unstable
and architecture-dependent effects, undermining
assumptions of smooth theoretical internalization
through stepwise exposure.

For the use of LLMs in CLS, these findings high-
light the need for precise operationalizations of
theoretical concepts and for annotation guidelines
and reference data derived from these operational-

izations. Such resources are essential for systemati-
cally evaluating model behavior on tasks grounded
in literary theory. Only with such resources can
the construct validity of model outputs be ensured.
Moreover, by evaluating outputs against these ref-
erence data, we can determine a model’s suitability
for a given task irrespective of whether it is gen-
uinely theory-aligned or merely exhibits surface-
level conformity.

Declaration on Generative AI

We used GPT-5 and Claude Sonnet 4.5 for proof-
reading and code generation; all outputs were re-
viewed by the authors, who take full responsibility
for the final content.

Limitations

Our study faces several limitations. First, we iden-
tify and operationalize only a single core principle
per theory; ideally, multiple such core principles
would be delineated and tested to probe theoreti-
cal coverage and robustness. Second, because our
evaluation relies on black-box behavioral testing,
we cannot determine whether a model is genuinely
theory-aligned or merely exhibits surface-level con-
formity. Third, we evaluate on compact, manually
constructed datasets (e.g., 60 Iser items per corpus;
68–74 per Lewis setting; 170 for Davidson), which
constrains external validity and risks item-design
artifacts. Fourth, reproducibility is limited: each
model–prompt–dataset condition was run only two
to three times (temperature 0.1), and results are
explicitly characterized as indicative rather than
conclusive. Fifth, the notation-manipulation re-
sult (performance drop after symbol removal) was
tested only in the Davidson setting, limiting gen-
eralization of the “notation as scaffolding” inter-
pretation to Lewis and Iser. Sixth, with respect to
the basic prompts, which were designed to elicit a
labeled continuation of an explicitly marked output
sentence, we observe that instruction-tuned models
no longer behave in line with the classical next-
token prediction paradigm. Accordingly, this setup
yields consistently lower scores across all evaluated
metrics. Seventh, findings depend on model family
and serving configuration—four instruction-tuned
models were accessed via the OpenRouter API,
and several effects were architecture-dependent
and unstable under theory prompts. Finally, our
task and prompt space is narrow: we compare ba-
sic, theory-uninformed classification, and theory-
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enriched prompts (plus a notation variant), leav-
ing broader process-oriented protocols outside the
present scope.
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A Detailed Operationalization of Lewis’
Principles

Core Principle 1 – Lewis (1983): “A sentence
of the form ‘In fiction F , φ’ is true if and only if
φ is true at every world where F is told as known
fact rather than fiction.”
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Behavioral Rule 1 (two-way). Under a fixed in-
terpretation I , label φ as True in F iff every world
where F is told as fact makes φ true (including
logical consequences under I); otherwise label it
False.

Core Principle 2 – Lewis (1983): “A sentence of
the form ‘In fiction F , φ’ is non-vacuously true if
and only if some world where F is told as known
fact and φ is true differs less from our actual world,
on balance, than does any world where F is told as
known fact and φ is not true.”

Behavioral Rule 2 (two-way; unique closest
world by data design). Under a fixed interpre-
tation I , and given that the dataset guarantees a
unique closest world to the actual world among the
worlds where F is told as fact, label φ as True in F
iff that closest world makes φ true; otherwise label
it False.

Core Principle 3 – Lewis (1983): “A sentence
of the form ‘In fiction F , φ’ is non-vacuously true
if and only if whenever w is one of the collective
belief worlds of the community of origin of F , then
some world where F is told as known fact and φ is
true differs less from w, on balance, than does any
world where F is told as known fact and φ is not
true.”

Behavioral Rule 3 (two-way; unique closest
worlds by data design). Under a fixed interpre-
tation I , and given that the dataset guarantees for
each relevant collective belief world w a unique
closest world among the worlds where F is told as
fact, label φ as True in F iff for every such w the
unique closest world makes φ true; otherwise label
it False.

Interpretive Constraint (Similarity/Community
Beliefs) Before evaluating labels for sentences of
the form “In fiction F , φ”, we fix an interpretation
function I (reference assignment, disambiguation,
coreference, quantifier scope). In addition, we fix a
similarity ordering to the actual world for F -as-fact
worlds (and, for Core Principle 3, to each collec-
tive belief world w of the community of origin),
with uniqueness ensured by data design. These
constraints guide evaluation but are not themselves
truth conditions. We then assess φ under I by quan-
tifying over all F -as-fact worlds (Core Principle 1),
or by selecting the unique closest such world to the
actual world (Core Principle 2), or to each w (Core
Principle 3).

B Example Reference Text: Arthur
Schnitzler’s Amerika

The ship docks; I set my foot upon the new conti-
nent...

The gray autumn morning overshadows sea and
land; everything still sways beneath me; I still feel
the restless motion of the waves... Out of the mist
the city rises... Beside me, eyes wide open, alive,
the crowd hurries on. They do not feel the for-
eignness; only the newness. I hear one or another
whisper to himself: America—as if he wished to
impress it firmly upon his mind that he is truly here
now, so far away!...

I stand alone on the shore. It is not of the new
America, from which I am to demand the happiness
my homeland has denied me, that I think—I think
of another.

I see that little room, I see it as clearly as if I
had left it yesterday, not so many years ago. On
the table the lamp with the green shade, the em-
broidered armchair in the corner. Engravings hang
upon the wall; the pictures blur into shadow. Anna
is with me. She lies at my feet, her curly head
resting against my knee; I must bend down to look
into her eyes.

We have stopped chatting; the evening moves
on, and the room grows quiet. Outside it begins to
rain; we hear the drops striking the windowpane,
slow and heavy. She smiles, and I bend toward her
mouth. I kiss her lips, her brow, her eyes, which she
has closed. My fingers play with the fine golden
hair that curls behind her ears. I brush it back
and kiss that sweet white place of skin behind her
ear. She looks up again and laughs. “Something
new,” she whispers, as if astonished. I press my
lips firmly behind her ear. Then I say, smiling,
“Yes, I’ve discovered something new!” She bursts
out laughing, and like a child, delighted, she cries,
“America!”

How droll it was then! So wild and foolish! I see
her face before me, how it looked up at me with
those roguish eyes, and how from her red lips the
cry rang out: “America!” How we laughed then,
and how the fragrance that rose from her curls and
drifted over our America intoxicated me...

And that grand name remained. At first we
would always cry it out when, of the countless
kisses, one strayed behind the ear; then we whis-
pered it—then we merely thought it; yet it always
came to consciousness.

A flood of memories rises within me. Once we
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saw a large ship depicted on a poster column and,
stepping closer, read: “From Liverpool—Arriving
New York—From Bremen—Arriving New York”...
We burst out laughing in the middle of the street,
and she declared quite loudly, while people stood
about: “You know, we’re traveling to America to-
day!” The people looked at her in astonishment;
especially a young man with a blond mustache who
was smiling as well. That annoyed me greatly, and
I thought: yes, he would no doubt like to come
along...

Then once we were sitting in the theater—I no
longer remember what play—when someone on
stage spoke of Columbus. It was a play in iambic
verse, and I recall the line: “—and when Columbus
stepped upon the deck...” Anna nudged my arm
lightly with hers; I looked at her and understood
her disdainful glance. Poor Columbus... as if he
had discovered the true America! After the the-
ater, when we were sitting in a wine tavern, we
spoke at length of the good man who had thought
so highly of his pitiful America. In truth, we rather
pitied him. For a long time I could picture him
only standing with a sorrowful gaze upon the shore
of his new continent, oddly enough wearing a top
hat and a very modern overcoat, shaking his head
in disappointment. Once we drew him together
on the marble tabletop of a café and kept invent-
ing new details. She insisted he must be smok-
ing a cigar; moreover, in our picture the great
discoverer carried an umbrella, and his top hat
was crushed—naturally—because of the mutineers.
Thus Columbus became for us the most comical
figure in all world history. How wild! How fool-
ish!...

And now I stand in the midst of the great, cold
city. I am in the false America and dream of my
sweet, fragrant America over there... And how
long ago it all was! Many, many years. A pain, a
madness comes over me that something like that
is lost beyond recall. That I do not even know
where a message from me, where a letter might
reach her—that I know nothing, nothing at all of
her anymore...

My path leads me farther into the city, and my
porter follows behind me. I pause for a moment,
close my eyes, and through a strange, deceptive
play of the senses I am enveloped by the same
fragrance that on that evening drifted over me from
Anna’s curls, when we discovered America...

C Example Reference Instances

C.1 Davidson: Truth-Conditional Statements

German English Label

Max Houven ist 42 Jahre
alt.

Max Houven is 42 years
old.

true

Max Houven ist 52 Jahre
alt.

Max Houven is 52 years
old.

false

Max Houven ist gestor-
ben und Jacques Mouvet
ist Belgier.

Max Houven has died and
Jacques Mouvet is Bel-
gian.

true

Table 6: Example reference instances for the Davidson
truth-conditional task.

C.2 Lewis: Truth in Fiction (Schnitzler)

German English P1 P2 P3

Anna war einmal
des Ich-Erzählers
Geliebte.

Anna was once
the first-person
narrator’s lover.

true true true

Der Ich-Erzähler
hasste den Geruch
von Annas Haar.

The first-person nar-
rator hated the smell
of Anna’s hair.

false false false

Annas olfak-
torisches Profil
kann präzise bes-
timmt werden.

Anna’s olfactory
profile can be pre-
cisely determined.

false true false

Der Kaiser von
Österreich-Ungarn
heißt Franz-Josef.

The Emperor of
Austria-Hungary
is named Franz
Joseph.

false false true

Table 7: Example reference instances for the Lewis
truth-in-fiction task (Schnitzler).

C.3 Iser: Gaps (Schnitzler)

German English Label

Anna hat Locken. Anna has curly
hair.

true

Anna hat glattes
Haar.

Anna has straight
hair.

false

Anna hat den
Ich-Erzähler
verlassen.

Anna left the first-
person narrator.

not fully articulated

Table 8: Example reference instances for the Iser gap-
detection task (Schnitzler).

D Prompt Templates for Lewis

D.1 Basic Prompt

### Instruction
Read the following text.

### Text
'''
{CONTEXT_TEXT}
'''

### Input
Sentence: '''{Satz}'''
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### Output
In relation to the given text, the sentence -

'''{Satz}''' - is [MASKED]

D.2 Classification Prompt
(Theory-Uninformed)

# Role
You are a literary scholar.

# Task
Classify whether the given sentence is **true**

or **false** with respect to the provided
context.

# Output
Respond with exactly one label:
true
false

# Context
'''
{CONTEXT_TEXT}
'''

# Input
Sentence: '''{Satz}'''

# Label

D.3 Theory Prompt: Lewis Principle 1

# Role
You are a literary scholar.

# Task
Classify whether the given sentence is **true**

or **false**
with respect to the provided context.

# Principle
Follow David Lewis's Core Principle 1: A

sentence of the form "In fiction F, φ" is
true if and only if φ is true in every
world where F is told as known fact rather
than fiction.

# Logical rules
- Interpret "and", "or", and "if...then"

strictly in the formal-logical sense.
- Ignore rhetorical, poetic, or emotional

aspects unless they affect truth conditions.

# Output
Respond with exactly one label:
true
false

# Context
'''
{CONTEXT_TEXT}
'''

# Input
Sentence: '''{Satz}'''

# Label

D.4 Theory Prompt: Lewis Principle 2

# Role
You are a literary scholar.

# Task
Classify whether the given sentence is **true**

or **false** with respect to the provided
context.

# Principle
Follow David Lewis's Core Principle 2: A

sentence of the form "In fiction F, φ" is
non-vacuously true if and only if some world
where F is told as known fact and φ is
true differs less from our actual world, on
balance, than does any world where F is told
as known fact and φ is not true.

# Logical rules
- Interpret "and", "or", and "if...then"

strictly in the formal-logical sense.
- Ignore rhetorical, poetic, or emotional

aspects unless they affect truth conditions.

# Output
Respond with exactly one label:
true
false

# Context
'''
{CONTEXT_TEXT}
'''

# Input
Sentence: '''{Satz}'''

# Label

D.5 Theory Prompt: Lewis Principle 3

# Role
You are a literary scholar.

# Task
Classify whether the given sentence is **true**

or **false** with respect to the provided
context.

# Principle
Follow David Lewis's Core Principle 3: A

sentence of the form "In fiction F, φ" is
non-vacuously true if and only if whenever w
is one of the collective belief worlds of
the community of origin of F, then some
world where F is told as known fact and φ
is true differs less from w, on balance,
than does any world where F is told as known
fact and φ is not true.

# Logical rules
- Interpret "and", "or", and "if...then"

strictly in the formal-logical sense.
- Ignore rhetorical, poetic, or emotional

aspects unless they affect truth conditions.
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# Output
Respond with exactly one label:
true
false

# Context
'''
{CONTEXT_TEXT}
'''

# Input
Sentence: '''{Satz}'''

# Label
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