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Abstract

The integration of generative Al into humanities research presents both new opportunities and
significant methodological challenges. While generative AI enables more sophisticated textual,
visual, and historical analysis than ever before, it also introduces novel methodological risks.
Prompts now function as measurement instruments, construct validity is entangled with model
fluency, the increasing abstraction and subjectivity of tasks challenge single-answer evaluations,
small changes in prompt or model configuration can materially alter substantive conclusions,
and model training encodes strong theoretical assumptions prior to human interaction. This
article advances a theory-first framework for generative-Al-assisted humanities research that
traces how theoretical commitments intervene across the research lifecycle. Drawing on exam-
ples from the computational humanities and social sciences, it argues that theory operates as
methodological infrastructure that constrains degrees of freedom, supports reproducibility, and
enables principled iteration. By reframing generative Al as a site of theoretical inscription, the
article outlines practical strategies for building robust and theoretically grounded humanities
research in the era of generative AL

Plain language summary

The use of artificial intelligence, particularly multi-modal large language models (LLMs/MLLMs),
provides exciting opportunities for humanities research. These Al systems, which can analyze
and generate human-like text and images, offer new ways for scholars to study literature, history,
and culture. However, their use also raises important questions: How do we ensure that these
models align with the goals of humanities research?

This article illustrates why a theory-first approach matters when using generative Al in
humanities research. Through concrete examples and visual schematics, it shows how theory
can guide each stage of the research process - from formulating meaningful research questions,
specifying constructs, designing and validating prompts, to developing novel benchmarks and
intervening in model tuning. Rather than treating LLMs as neutral tools that are “human-like,”
the article argues that theory is indispensable for guiding their use toward the discovery of new
ideas and refining existing knowledge.

Introduction

The advent of large language models (LLMs), and now multi-modal models (MLLMs), has
transformed the research landscape across multiple disciplines, including the humanities. While
quantitative analysis of cultural and historical data was already a well-established field, the
generative capacities of models enable researchers to detect and analyze far more nuanced
and complex concepts than prior methods. This can be conceptualized as a second-wave form
of scale: from the initial research gains of analyzing quantitatively more documents using
computational methods (wave 1), we can now derive qualitative gains through the increased
sophistication of questions that can be asked and answered. Such conceptual “scaling up,’
however, is not without distinct challenges. The growing adoption of generative Al in humanities
research has only intensified the need to address fundamental questions about methodology,
validity, and the relationship between theory and computational tools.

This article advocates for a “theory-first” approach toward the use of generative Al, emphasiz-
ing the need for humanities scholars to ground their practices in robust theoretical frameworks."
Early debates around the digital humanities frequently critiqued an over-reliance on a “tool-first”
methodology, highlighting a perceived deficit of theoretical engagement (Cohen and Scheinfeldt
2013; Warwick 2015; Windhager and Mayr 2024). Debates about the place of theory within the
humanities more broadly is of course already a well-worn topic (Eagleton 2011, 2004). The issue

'T owe a debt to Schmidt (2011) who coined this term in a 2011 blog post and which has since been used in a
number of academic articles, that is, I am not the first to use the term “theory first”
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of sufficient theoretical grounding is also not unique to the human-
ities but extends into fields like natural language processing and
computational linguistics, where the development of tools and
methods often outpaces critical reflection on their cultural and
historical implications (Radford and Joseph 2020).

My aim is not to revisit these debates to definitively settle the
question of a theory deficit in computational research. Nor am
I the first to focus on the issue of theory within computational
research (Cecire 2011; McCarthy and Dore 2023; Radford and
Joseph 2020; Underwood 2020; Underwood et al. 2022). Rather,
the goal of this article is to articulate how generative Al reshapes
the basic steps of scholarly research in ways that make theoretical
commitments increasingly consequential (see Karjus 2025 for
related work). Rather than treating theory as its own layer or
end unto itself, theory can be understood as a form of method-
ological infrastructure when working with generative models -
guiding problem formation, shaping the operationalization of
constructs, constraining evaluation practices, and orienting our
interpretations.

Generative Al lowers many of the technical barriers that once
constrained computational research, making it easier to ask com-
plex questions but also to conflate model fluency with conceptual
precision. The theory-first approach developed here offers a set
of practical steps or frameworks that researchers at all levels can
use to ensure computational research continues to be theoretically
rigorous in an era of generative Al A theory-first approach toward
Al-assisted research will thus ideally help:

1. build more concretely from existing traditions of humanities
scholarship, which will facilitate disciplinary integration;

2. guide and constrain the interpretive degrees of freedom
involved in the study of cultural and historical data and that
expand exponentially under generative Al

3. facilitate reproducibility as the acknowledged gold standard of
scientific research;

4. test and refine inherited theoretical frameworks and innovate
new directions.

My goal here is not to innovate at the level of theory. I leave
theory-for-theory’s-sake arguments to others. Nor is it to offer a hot
take on a novel way to use Al - those approaches change too rapidly
to serve as a stable foundation. Instead, my aim is more quotidian:
to step back and support what Kuhn called “normal science,” that is,
the everyday practices of academic research, where generative Al is
now one of the core computational components. Such practices of
normalization are essential for building and nurturing a field that
is rapidly developing in exciting new ways. It starts, as it must, with
theory.

A (very) brief theory of theory

Already in 1949, the sociologist Robert K. Merton warned, “like
so many words that are on everyone’s lips, the word ‘theory’ is
in danger of losing all meaning” (Merton 1949). Nevertheless,
Merton’s work would go on to serve a foundational role in
framing the function of theory for academic research. According
to Merton, a theory should consist of three key functions: it
should be explanatory, predictive, and iterative. A theory of any
aspect of the world should be able to explain salient relation-
ships between core aspects of that world, up to and including
causal relationships, that is, why things happened the way
they did.
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Second, a theory should be able to predict future outcomes,
that is, it should generalize to unforeseen circumstances. A theory
of the world is not valuable if it cannot help us navigate novel
information. Such novel information must not simply be future-
oriented; it can also entail new information about the past.

Finally, a theory should be an appropriate scale such that it can
be iteratively refined as more and more of the world is observed.
This was Merton’s theory of the value of “middle-range” theories,
as opposed to the “grand” theories of many of his sociological
predecessors. Middle-range theories are closer to the world and
thus can evolve as our understanding of the world evolves. Grand
theories attempt to explain everything and are therefore too static.
For Merton, they were too out of touch with reality.

Merton’s is just one way of thinking about the value and lim-
itations of theory for academic research. There is a voluminous
literature on the topic. But it offers to my mind one of the most
succinct and actionable frameworks to guide how we think about
the role of theory within Al-assisted research. For Merton, theory
must be in touch with the world it aims to explain; must be able to
adequately incorporate new information (i.e., generalize well); and
finally, theory must be dynamic in its construction to align with the
goal of cognitive updating.

In what follows, I will highlight the place of this theory of theory
within the core practices of Al-assisted research.

Step 1. Theory-guided problem formation under
generative Al

Generative Al reshapes how research problems are formed. They
do so in three principal ways: by lowering the cost of abstraction;
facilitating observations across different textual or visual scales;
and generating outputs that closely mirror human judgment. In
doing so, they expand what appears tractable, measurable, and
meaningful from a research perspective.

At the same time, they introduce new risks. Generative AI blurs
the boundary between models as cultural objects and scholarly
instruments. Research problems may be defined in terms of what
models easily produce rather than what theories demand. And
analytical constructs may drift toward model-internal regularities
rather than culturally grounded distinctions. Theory thus plays a
crucial role at this initiatory step to orient ourselves toward each of
these concerns (Figure 1).

Al as object or instrument

A first and foundational decision is whether the model itself is
the object of analysis or the instrument through which a cultural
phenomenon is studied. While this distinction has long existed in
computational research, generative Al brings this problem more
strongly to the foreground. LLMs can simultaneously function
as tools for performing interpretive tasks, such as classification,
summarization, or evaluation and as cultural artifacts that shape
social reality. Without an explicit theoretical orientation, research
questions can slide unintentionally between these roles, conflating
claims about model behavior with claims about cultural meaning.
Theory provides a necessary guide at this juncture, clarifying what
kind of knowledge a given study seeks to produce and what counts
as evidence in support of that aim.

Model as object

In their paper, “Marked personas: Using natural language prompts
to measure stereotypes in language models,” Cheng, Durmus, and
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Figure 1. Theory-guided problem formation under generative Al. Generative Al dra-
matically expands what appears measurable through affordances, such as low-cost
abstraction, multi-scale inference, and human-like judgment. Theory functions as an
orienting constraint, shaping which affordances become legitimate research problems.
The three pathways represent distinct dimensions of theory-guided specification.

Jurafsky (2023) test whether LLMs reproduce stereotypes when
prompted to describe personas from marginalized demographic
groups. This is a classic Al as object evaluation. In particular, they
are interested in the theoretical problem of “benevolent stereotyp-
ing,” when models utilize positive, but essentializing language, for
example, when Black women are repeatedly described as “resilient”
and “strong,” Asian women as “petite” and “delicate,” and Latina
women as “vibrant” and “curvaceous” These attributes, though
technically positive in sentiment, reinforce limiting archetypes and
obscure individual variability. For their study, the researchers begin
with a theory of “representational harm” and probe models for this
general behavior. Do models encode certain kinds of beliefs and
representations and how might we surface them?

Model as instrument

This question however is different from asking whether models
will do this under different, expert-guided conditions. For example,
Hobson et al. (2024) combine theories of ethical criticism and
narrative archetypes to test whether LLMs can generate “story
morals” that align with human readers’ judgments and preferences.
Here, the goal is not to generalize about model behavior but rather
to use the model as an analytical tool to study moral perspectives of
cultural narratives. We can think of this as an alignment problem:
are models (or individual models) generally aligned with human
beliefs such that we can make inferences about the world through
them?

The difference between these two approaches is ultimately one
of constraint: model as object research generalizes to potentially
future use cases, and model as instrument research generalizes
about a particular application under particular conditions.

Unitization and scale

When forming research problems under generative Al, questions
of unitization and scale take on renewed urgency (Karjus 2025).
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LLMs operate fluently across multiple levels of textual analysis —
tokens, sentences, documents, and collections — dramatically low-
ering the technical barriers that once constrained scale selection.
As a result, scale is no longer enforced by feasibility but becomes a
theoretical decision that must be made explicitly.

One must consider, for example, whether a phenomenon is
best understood at the level of words or phrases (as in the case of
benevolent stereotypes or sentiment), at the level of documents (as
with story morals), or across collections of texts. Social network
analysis is a useful lens through which we can observe this problem.
In their study of narrative “character interaction networks” using
LLMs, Piper, Xu, and Ruths (2024) focus on the sentence level to
identify fine-grained interaction types, treating narrative relations
as locally instantiated and sequential. Hamilton et al. (2025) and
Christou and Tsoumakas (2025), on the other hand, model “char-
acter relation networks” at the document level, emphasizing more
durable patterns of association that emerge across an entire narra-
tive. Much historical work, meanwhile, operates at an even broader
scale, constructing social networks across documents (Ahnert et al.
2020), including studies of book dedications (Ladd 2021), court
structures (Tambuscio and Vogeler 2025), and epistolary exchange
(Edelstein et al. 2017).

What unites these approaches is a shared reliance on theory to
justify how scale maps onto meaning. Under generative Al, this
mapping becomes far more fluid and accessible and is thus even
more in need of theoretical framing. Models can infer relations at
sentence, document, or corpus levels with comparable ease, but
the interpretive implications of these choices differ substantially.
Theory thus plays a critical role in specifying what counts as a
unit, what constitutes a connection, and how edges and nodes
should be interpreted at a given level of aggregation (Emirbayer
and Goodwin 1994; Ryan and Ahnert 2021).

Construct specification

The final and arguably most foundational role of theory in problem
formation under generative Al lies in the specification of analyti-
cal constructs. LLMs make it deceptively easy to invoke complex
cultural concepts through prompts, producing fluent outputs for
terms, such as “narrative discourse,” “social networks,” “visual point
of view;” or “cultural change” without requiring those concepts to
be rigorously defined. This affordance creates a new form of con-
ceptual risk: constructs may appear operationalized simply because
models can generate plausible responses, even when the underlying
theoretical commitments remain underspecified. The risk lies in
surfacing model presuppositions and not the theoretical focus of
the research question. Theory is therefore essential not merely for
naming constructs, but for stabilizing their meaning - clarifying
what a construct is intended to capture, at what level it operates,
and how it relates to broader cultural or historical processes.

To take one recent framework of interest to the field, the con-
cepts of “reception,” “reader response;” or “social reading” have
served as an increasingly important yet flexible constructs across
recent computational humanities research. In one of the conference
proceedings of CHR 2024, for example, we can find four papers
that operationalize this construct in four distinct ways: as literary
quality (Jacobsen et al. 2024), topical alignment (Yu and Pianzola
2024), individual preference (Rebora and Vezzani 2024), and the
temporal trajectory of recognition (Kim 2024). Each frames recep-
tion as a particular lens through which texts interact with readers,
institutions, and cultural systems over time.
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Importantly, each operationalization involves different kinds of
data, different labeling systems, and different theoretical perspec-
tives. Yu and Pianzola (2024) foreground “digital social reading”
(Pianzola 2025; Rebora et al. 2021) through the study of web novels.
Rebora and Vezzani (2024) emphasize the social construction of
literary value (Von Heydebrand and Winko 2008) via Goodreads
reviews. Jacobsen et al. (2024) focus on questions of cultural capi-
tal and canon formation using fanfiction, and Kim (2024) draws
deeply from Bourdieu’s field theory but critiques its synchronic
bias by applying Abbott’s life-course modeling to literary careers.
These studies illustrate how the concept of “reception” is not a
single construct but a dynamic nexus between theory, data, and
method.

ChecKlist Step 1: Problem formation

o Clarify the role of the model: Is generative Al the object
of analysis, whose cultural assumptions and representa-
tional patterns are being studied, or an instrument used
to investigate another cultural phenomenon?

o Treat scale as an interpretive choice: Specify whether
the relevant phenomenon operates at the level of
words, sentences, documents, collections, images, or
networks, and explain why that scale is theoretically
appropriate.

o Specify the construct before prompting the model: Do
not assume that concepts such as “reception,” “reader
response,” “social networks,” or “cultural change” are
operationalized simply because a model can generate
fluent responses about them.

« Align theory, data, and method: Ensure that the chosen
data source, labeling scheme, model task, and inter-
pretive framework all instantiate the same theoretical
construct.

 Guard against construct drift: Ask whether the model
is capturing the intended concept or merely reproduc-
ing model-internal regularities, prompt conventions, or
culturally generic associations.

Step 2. Evaluation and validation

Once we have made theory-informed choices around scale,
construct specification, and the role of the model (as object
or instrument), we next move into the process of model eval-
uation. With generative Al, this phase is anchored in prompt
design (or “prompt engineering”), which functions as the pri-
mary mechanism through which theoretical constructs are
operationalized. What distinguishes generative Al from earlier
computational approaches to the study of culture is the way it
does so through open-ended generative processes that are highly
sensitive to instructional framing. For any given construct, there
are innumerable ways to elicit model responses, each of which
implicitly encodes theoretical assumptions. As a result, theory
becomes essential for constraining the space of possible prompt
formulations, grounding model outputs through validation
against human judgments, and determining whether what is
being produced genuinely corresponds to the construct under
study.
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Figure 2. Prompt design operationalizes a construct. Validity threats arise from (left)
prompt underspecification (content underrepresentation) and (right) prompt over-
specification (construct-irrelevant variance), both shaping the observed model output.

Prompt design and construct validity

While the term “prompt engineering” is often used (suggesting
a primarily technical pathway toward improved performance), a
more productive way to understand prompt design in generative-
Al-assisted research is through the lens of construct validity (Smith
2005; Strauss and Smith 2009). In work with LLMs, prompts do
not merely instruct a system but function as measurement instru-
ments, translating theoretical constructs into operational proce-
dures that elicit model outputs. Because generative models can pro-
duce fluent responses to a wide range of instructions, the apparent
success of a prompt may mask deeper misalignments between what
is being elicited and the construct a researcher intends to study.

Construct validity addresses how well our operational measures
capture the theoretical constructs we intend to study (i.e., “Are
we measuring what we think we’re measuring?”). This concern is
not new to the social sciences or computational humanities, but
generative Al intensifies it in two important ways. First, the open-
ended and probabilistic nature of model outputs makes it easy to
obtain plausible responses even when constructs are underspeci-
fied. Second, the flexibility of prompting introduces a vast space
of possible operationalizations, each of which implicitly encodes
assumptions about what the construct entails. As a result, validity
can no longer be assumed on the basis of surface coherence or task
completion alone.

Two classic threats to construct validity are especially useful
for diagnosing the risks introduced by prompt-based measurement
(Figure 2)

Content underrepresentation

This occurs when a prompt elicits only a narrow slice of the
intended construct. For example, a prompt designed to identify
a narrative’s “moral” that focuses exclusively on explicit didactic
statements may underrepresent broader ethical dimensions con-
veyed through character action, consequence, or narrative struc-
ture. In such cases, the model may perform consistently while
systematically omitting theoretically important aspects of the con-
struct.

A good example from the literature of content underrepre-
sentation can be found in early work on “plot arcs” (Reagan
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et al. 2016). A theory of rising and falling action imported from
classical tragedy was captured by mapping sentiment over narrative
time. One core dimension that such an approach misses is the
problem of narrative focalization — from whose perspective is such
narrative valence being experienced? The measure (sentence-level
sentiment) under-represents the full construct (narrative arc or
fortune). An LLM that captured sentiment in this way, even if
more accurate and sensitive to context, would still underrepresent
the construct under study.

Construct-irrelevant variance

Here, prompt design may inadvertently elicit patterns that reflect
model-specific biases or linguistic regularities rather than the tar-
get construct itself. A useful illustration can be found in recent
theory-of-mind benchmarks for LLMs. “Theory of Mind” (ToM)
refers to a model’s (or human mind’s) ability to infer beliefs and
intentions of other people. In Chen et al. (2024), the authors
introduce ToMBench, a broad and carefully constructed battery of
tasks designed to address problems of content underrepresentation
in previous theory-of-mind benchmarks by sampling widely across
31 established ToM abilities.

At the same time, the prompts used to elicit model responses
are framed as story-question—answer selections. This framing may
capture abilities that are not associated with mental-state attribu-
tion. Because models are asked to select the “correct” answer from a
set of plausible options given a short narrative, this framing invites
a strategy based on textual entailment and semantic plausibility
rather than perspective-sensitive reasoning. In practice, models
can succeed by identifying the option that best matches salient
lexical cues in the story without representing what a character
knows or believes.

Annotating for human diversity

Once prompts have been designed with construct validity in
mind, a further question immediately arises: how do we determine
whether model outputs meaningfully correspond to the constructs
they are intended to operationalize? One of the core ways we do
so is by recording human judgments about whatever it is we are
studying. Does the model align with human beliefs?

A growing body of work across computational humanities, NLP,
and human-computer interaction has emphasized that many, if not
most, humanistic constructs are inherently plural (Frenda et al.
2025; Ying et al. 2025). Basile (2020) has memorably termed this
“the end of the gold standard,” a play on concepts of “ground truth”
used to frame human annotations. While this flexibility was true
under classical NLP models, generative AT’s ability to model both
a broad range of possible outputs but also experience problems of
“mode collapse,” where answers converge on a culturally homoge-
nous center (Hamilton 2024; Jiang et al. 2025; Zhang et al. 2025a),
brings this issue more pressingly to the foreground.

Seen in this way, annotation does not serve merely as a
mechanism for correcting model error, but as a form of theoretical
grounding that makes visible the range of human judgment.
Moving beyond single-answer frameworks becomes essential, not
only for evaluating model performance, but for clarifying what it
means to measure complex cultural phenomena in the first place
(Figure 3).

Deterministic (plausibility-based) annotation

The most permissive annotation regime asks whether a model
output is plausible: is the response reasonable enough that at least
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Figure 3. Different annotation regimes imply different theories of alignment between
model outputs and human judgment: plausibility (any defensible output), consensus
(closeness to the central tendency), and distributional alignment (overlap with the full
distribution of responses).

one or more informed human judges would accept it as a valid
interpretation? This approach does not aim to exhaust the space
of possible answers, nor to identify a central tendency, but simply
to rule out responses that are clearly incoherent or misaligned
with the task. In practice, plausibility can be operationalized using
soft-matching criteria, where agreement with any single annota-
tion among a trusted group is treated as sufficient evidence of
alignment.

Such an approach is appropriate when the research goal is to
test whether models can generate some acceptable interpretation,
rather than a complete or representative one. For example, in recent
work on LLMs and topic labeling (Pham et al. 2024; Piper and
Wu 2025), the aim in both cases was not to enumerate all topics
a passage might evoke from all readers’ perspectives, but to deter-
mine whether a model could produce at least one topic label that
human annotators also recognized. Here, deterministic plausibility
functions as a minimal validation threshold: the question is not
whether the model captures the construct in full, but whether it
produces a defensible instantiation of it.

Consensus-based annotation

A stronger form of validation evaluates whether model outputs
align with the central tendencies of human judgment. Consensus-
based approaches acknowledge interpretive variability, but assume
that across many annotations, shared patterns will emerge that can
serve as a reference point. Under this regime, models are assessed
not on whether their outputs are merely acceptable, but on how
closely they approximate aggregated human judgments.
Consensus can be operationalized in several ways, includ-
ing semantic similarity to the centroid of human responses,
agreement-based metrics such as Krippendorff’s alpha, or rank-
based comparisons with aggregated human preferences (e.g.,
Rank-Biased Overlap; Webber, Moffat, and Zobel 2010). For exam-
ple, Hobson et al. (2024) and Wu and Piper (2026) compare within-
group semantic similarity among human annotators’ story morals
to between-group similarity between human and model-generated
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morals. They find that models consistently fall within the range of
human variance, suggesting that generative models are particularly
well-suited to capturing consensus interpretations — even when
individual judgments diverge.

Distributional (diversity-preserving) annotation

Finally, some research problems require not convergence but cov-
erage: the goal is to capture the range of plausible human judg-
ments rather than collapse them into a single representative answer.
Distributional approaches treat disagreement not as noise or error,
but as a substantive property of the construct. This is especially
important in cross-cultural, multilingual, or demographically het-
erogeneous contexts, where interpretive differences are theoreti-
cally meaningful rather than incidental (Zhang et al. 2025b; Zhou,
Bamman, and Bleaman 2025).

A canonical example is the Social Chemistry project (Forbes
et al. 2020), in which annotators rated the social acceptability of
everyday behaviors using natural language explanations. Rather
than enforcing a single “correct” moral judgment, the dataset
explicitly retained the distribution of human responses, allowing
models to be evaluated on their ability to reproduce patterns
of moral diversity. Success is defined not by accuracy against a
single gold label, but by fidelity to the shape and spread of human
judgment - highlighting how generative Al can be evaluated as a
model of variation rather than simply consensus.

In each case, then, our annotation and validation criteria need
to be theoretically aligned with our stated research goals as well as
the problem under study.

Prompt sensitivity and reproducibility

A central challenge for evaluating research that relies on generative
AT lies in the sensitivity of model outputs to seemingly minor
variations in prompts and contextual framing (Lu et al. 2022;
Reynolds and McDonell 2021; Sclar et al. 2023; Webson and Pavlick
2022). Unlike traditional measurement instruments, generative Al
systems do not behave as stable devices whose outputs can be
assumed to reflect a fixed underlying construct. Instead, they oper-
ate as responsive interfaces whose behavior shifts with linguistic
cues (I will get to model dependency in the next section).

One natural response to prompt sensitivity is to treat it as a
selection problem: given multiple prompts or models, researchers
can simply choose the configuration that best aligns with human
judgments. While this strategy is often reasonable in practice, it
does not eliminate the deeper epistemic issue. Different prompts
can produce outputs that all appear plausible to human evaluators,
yet reflect distinct assumptions about what the task is asking the
model to do. In such cases, agreement with human judgments does
not guarantee that a prompt is measuring the intended construct
rather than a closely related alternative.

This problem is nicely illustrated in a recent large-scale
replication project on LLM-based text annotation. In a systematic
reanalysis of published social science studies, Baumann et al.
(2025) show that small, defensible changes in prompting or
model choice can reverse substantive conclusions in downstream
analyses, even when models achieve high agreement with human
labels. The authors refer to this as “LLM hacking” in reference
to well-known problem of p-hacking in quantitative research.
For example, in tasks classifying political texts as economically
left- or right-leaning, different prompt paraphrases applied to the
same data yield results that range from no detectable ideological
difference to statistically significant effects - and in some cases
even opposite directional claims. Crucially, these reversals persist
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when analyses are restricted to the best-performing models or to
prompts selected for maximal alignment with human annotations.
The issue, then, is not simply that some prompts or models perform
poorly, but that multiple high-performing configurations can
support incompatible interpretations of the same phenomenon.
Selecting the “best” configuration may improve local accuracy,
but it does not resolve the underlying instability introduced by
prompt-dependent operationalizations of the construct.

Taken together, these findings suggest that Al-assisted research
in the humanities should shift its evaluative focus from opti-
mization to a concept of robustness (Figure 4). In this sense,
robustness plays a role analogous to “convergent validity” in the
social sciences: rather than relying on a single operationalization,
researchers seek results that persist across different, theoretically
motivated measurement choices, including prompt and model
configurations. Rather than aiming to identify a single prompt
or model that performs best according to human judgments,
researchers should ask whether their substantive claims remain
stable across a controlled range of theoretically defensible prompt
and model variations. Baumann et al. (2025) recommend three key
moves when using generative Al:

1. systematically test multiple prompt formulations and model
configurations;

2. report results across these configurations rather than selecting a
single favorable outcome;

3. document all prompt, model, and parameter choices tested.

For example, in a recent paper studying the moral history of the
novel using generative Al Piper (2025) randomly assigned all story
summaries in their data to one of eight prompt variants drawn from
a fully crossed 2 x2 x2 design, varying role framing (expert/non-
expert), information ordering (where the passage is given), and
question phrasing (formal/colloquial). Each variant is passed to a
single model at zero temperature, with the resulting distribution
of moral keywords used to capture prompt-induced interpretive
variability rather than relying on a single “best” prompt. One could
imagine enhancing this work with multiple temperature settings
and model architectures.

Viewed in this light, prompt variation can be used as a form of
epistemic stress-testing. Systematically varying prompts makes it
possible to probe which aspects of a result are stable and which are
contingent on particular framings. When treated deliberately, such
variation can help researchers identify hidden dependencies in
their analyses and distinguish between findings that reflect robust
properties of the phenomenon under study and those that arise
from the idiosyncracies of prompt design. Theory thus plays a dual
role in Al-assisted research: it constrains the space of defensible
prompt and model choices in advance, and it provides the inter-
pretive framework needed to evaluate stability across them.

Checklist Step 2: Evaluation and validation

o Treat prompts as measurement instruments: Prompt
design should operationalize a theoretical construct, not
merely improve model performance.

« Watch for construct underrepresentation: Ensure the
prompt does not reduce a complex construct to only its
most explicit or easily measurable features.

« Watch for construct-irrelevant variance: Test whether
outputs reflect the target construct rather than adjacent
or model-friendly substitutes.
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From Optimization to Robustness
Prompt Variation as Epistemic Stress Test
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Figure 4. The left panelillustrates a selection logic in which multiple plausible prompts are tested but a single “best-performing” configuration is chosen to support a substantive
claim. Although this approach may achieve high agreement with human annotations, it risks anchoring inference to a particular prompt-dependent operationalization of the
construct. The right panel illustrates a robustness logic, in which prompts are systematically varied across a theoretically defensible design space and results are evaluated as a
distribution rather than a single outcome. Substantive claims are warranted only when they remain stable across these perturbations. Prompt variation thus functions not as noise
to be minimized but as an epistemic stress test that distinguishes fragile findings from robust ones.

Checklist Step 2: Continued

o Align validation with the research goals: Decide

whether success means plausibility, consensus with

human judgment, or preservation of the full distribution
of human responses.

Preserve human diversity where it matters: Treat dis-

agreement as theoretically meaningful when studying

interpretive, moral, cultural, or cross-demographic phe-
nomena.

o Test robustness, not just accuracy: Evaluate whether
substantive claims remain stable across theoretically
defensible prompt variations, models, and parameter
settings.

Step 3. Interpretation and iteration

If evaluation and validation address whether Al-assisted analyses
are methodologically defensible, interpretation and iteration
concern what such analyses can ultimately be said to mean and
how research should proceed in light of them. Generative Al
complicates interpretation by embedding assumptions upstream
- through pretraining data and prompt design - while simulta-
neously enabling forms of rapid iteration that were previously
impractical at scale. This combination creates a distinctive
epistemic tension: model outputs often appear coherent or theory-
confirming, even as the conditions that produce them remain
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only partially visible. At the same time, the ease with which
analyses can be rerun or reformulated opens new opportunities
for theory-driven exploration. This section argues that realizing
these opportunities requires a clear account of the interpretive
limits of generative AI outputs and a principled understanding of
iteration not as exploratory tinkering, but as a method for testing,
revising, and updating theoretical claims.

Model assumptions and interpretive limits

Interpretation in Al-assisted research cannot begin at the level of
outputs alone. Generative models embed assumptions upstream,
through their pretraining corpora and optimization objectives,
which shape what kinds of distinctions they reliably produce
and which remain under-articulated or absent (Figure 5). These
assumptions do not constitute errors in need of correction, nor do
they automatically invalidate model outputs. Rather, they define
the conditions under which those outputs can be meaningfully
interpreted (Yang et al. 2025). Understanding what a model has
been trained to reproduce - and what it systematically overlooks
- is therefore a prerequisite for assessing what kinds of cultural,
narrative, or conceptual claims its outputs can support (Zhang
etal. 2025c¢).

Theory-informed benchmarking

In contemporary Al research, benchmarking plays a central role
in determining what models are capable of doing. Benchmarks
consist of standardized tasks, datasets, and evaluation metrics
used to compare models and track progress over time. They serve
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Figure 5. Generative Al outputs are interpretable only in light of upstream training assumptions. Theory-informed benchmarking (left) provides structured tests that bound what
outputs can support, while theory-informed tuning (right) treats model training as a site of theoretical inscription. Iteration links interpretation back to intervention: claims motivate

revised benchmarks or training signals rather than ad hoc prompt tweaking.

several important functions: guiding model development, enabling
comparison across systems, and establishing shared standards
for claims about performance. For many audiences, benchmarks
are the primary way in which model competence is rendered
legible and authoritative. At the same time, benchmarking has
become a site of growing debate, as critics have noted that
benchmark success can incentivize narrow forms of optimization
and conflate performance on specific tasks with more general
forms of understanding or reasoning (Banerjee, Agarwal, and
Singh 2024; McIntosh et al. 2026; Pacchiardi et al. 2024).

These concerns are especially acute for humanities research,
where interpretive judgment and contextual sensitivity (situated-
ness) are central to knowledge production. Most existing bench-
marks are designed around tasks that favor clear labels and sur-
face regularities, leaving aside plural interpretation and historically
situated meaning. This gap creates an opening for humanities-
and theory-informed interventions: not to reject benchmarking as
such, but to redesign evaluative practices so that they reflect the
interpretive stakes of humanistic inquiry. From this perspective,
theory-informed benchmarking becomes a way to make model
assumptions more visible.

A recent example can be found in Underwood et al. (2026).
ChronoLogic is a benchmark designed to assess whether language
models can respond like writers situated in a given historical
period. The team makes several explicit theoretical choices. First,
they do not separate cultural representation from general model
capability. Unlike benchmarks that treat these as orthogonal,
ChronoLogic includes questions from domains where historically
appropriate answers have changed to varying degrees, thus testing
a range of difficulty. Second, they particularize social context
rather than posit unified cultures. Most questions are grounded
in a specific source text and introduced through a “metadata
prefix” that situates the question by date and venue of publication,
along with the author’s nationality, age, and profession when
available. Similar to NarraBench (Hamilton, Wilkens, and Piper
2025), another recent benchmark that draws on narrative theory
to construct benchmarks for narrative understanding, these
initiatives show how humanities theory can guide the design of
evaluation tasks that make interpretive assumptions explicit.

Theory-informed model tuning and training

Benchmarking makes visible the interpretive tendencies of gen-
erative models, but those tendencies are not accidental. They are
the result of concrete design decisions, including choices about
training corpora, objective functions, and reward models. Recent
work has begun to explore how modifying these training stages can
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shift model behavior in systematic ways (Underwood, Nelson, and
Wilkens 2025).

One illustration of this approach is provided by CultureLLM
(Li et al. 2024), which uses fine-tuning to steer model outputs
toward greater cultural difference and awareness. Starting from
the observation that LLMs disproportionately encode Western
and Anglophone value systems due to their pretraining corpora,
CultureLLM intervenes not by expanding pretraining at scale, but
by introducing a deliberately minimal and theory-grounded fine-
tuning signal. Using just 50 questions from the World Values Sur-
vey as seed data, which is then augmented with synthetic semantic
paraphrasing, the authors fine-tune culture-specific and unified
models that reliably shift judgments in domains, such as political
authority, gender norms, and social values.

Critiques of work in LLM cultural alignment focus heavily
on the lack of theoretical framing for interventions, a concern
articulated forcefully by Zhou, Bamman, and Bleaman (2025), who
argue that much recent research operationalizes “culture” through
shallow proxies rather than through a coherent account of what
culture is and how it functions. They show that benchmarks and
fine-tuning datasets frequently rely on coarse categories, such as
nationality or survey responses, treating culture as a static bundle
of facts or values rather than as a dynamic, interactional process.

For humanities research, the significance of these debates and
approaches lies not in producing a “better” or more neutral model,
but in recognizing model training as a space of theoretical inscrip-
tion. Adjusting a model is therefore an interpretive act, one that
embeds assumptions about what distinctions matter and what
forms of understanding are worth reproducing.

Iteration, replication, and exploration

If generative Al complicates the tasks of evaluation and interpreta-
tion, it also enables new forms of methodological experimentation
that were previously costly or impractical. LLMs dramatically lower
the barriers to replicating prior studies and exploring alternative
operationalizations of the same theoretical question. Tasks that
once required extensive manual annotation, bespoke modeling,
or large codebases can now be iterated rapidly across different
prompts, models, or analytical assumptions, a fact that will only
accelerate as agentic Al improves. This capacity for iteration has
the potential to support more reflexive and theoretically engaged
research practices, provided it is treated as a means of inquiry
rather than a source of novelty or speed alone (i.e., slop).

At the same time, theory should not be seen as a static, perma-
nent object. Theory is itself a living, dynamic framework that can
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evolve. Although this is true across disciplines and methods, when
working with generative Al this relationship becomes particularly
productive: theory not only shapes how we design our studies and
structure our questions, but it is also reshaped by the potentially
unexpected patterns that models reveal.

As I have argued at length elsewhere (Piper 2019), we should
think of computational modeling as a recursive process in which
theoretical commitments are continuously tested, updated, or
reimagined. This includes not only the more familiar processes
like replication and confirmation but also the initiation of spaces
for model-driven discovery and critical rethinking, traditionally
called “exploratory data analysis” As Nelson (2020) writes,
“Computational methods should not be seen as merely replicating
existing theoretical frameworks, but as offering new opportunities
to generate theory by uncovering patterns and relationships
that might otherwise remain invisible” Let me close with two
potentially productive ways that researchers can frame their
exploratory interventions.

Feature discovery

One of the most novel ways generative Al can aid theory inno-
vation is by helping researchers identify features that are diffi-
cult to discover with inherited computational methods because
they are implicit, relational, or interpretive rather than lexical.
These might include a text’s normative pressure — where it directs
sympathy, blame, approval, or suspicion; its causal imagination —
whether events are explained through psychology, fate, institu-
tions, environment, or social constraint; its implied social ontology
- whether the world is organized around individuals, families,
classes, nations, markets, or networks; or its reader positioning —
whether the audience is addressed as witness, judge, accomplice,
or acolyte. In this sense, generative Al does not simply automate
the detection of familiar categories; it can support the discovery of
intermediate theoretical features that sit between close reading and
large-scale measurement.

Hypothesis generation

Beyond surfacing features, generative Al can support exploratory
theory-building by suggesting plausible hypotheses grounded in
large-scale textual or visual patterns (Zhou et al. 2024). By prompt-
ing models with exploratory questions on a given corpus or set of
artifacts, researchers can generate candidate hypotheses that might
not emerge from close reading alone. These hypotheses can then
be operationalized and tested using traditional statistical methods.
In this way, generative Al acts as a theory partner: not producing
theories ex nihilo, but amplifying our ability to detect subtle regu-
larities, contradictions, or absences that invite structured investiga-
tion, especially in under-theorized or high-dimensional domains.

Checklist Step 3: Interpretation and iteration

« Interpret outputs through model assumptions: Treat
results as conditioned by pretraining data, optimization
objectives, and model architecture.

« Theoretically informed benchmarking: Make cultural
assumptions visible rather than treating performance as
general competence.

o Treat tuning as theory inscription: Fine-tuning, reward
modeling, and dataset construction embed theoretical
assumptions about which distinctions matter.
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« Iterate, replicate, explore: Ask whether an iteration is
confirming a prior claim, testing robustness, revising an
operationalization, or opening a new theoretical ques-
tion.

o Let results revise theory: Treat unexpected patterns,
failures, absences, and model disagreements as opportu-
nities to refine constructs and generate new hypotheses.

Conclusion

This article argues that generative Al should not be understood
simply as a new technical instrument for humanities research. It is
better understood as a methodological environment that changes
the conditions under which research questions are formed, con-
structs are operationalized, evidence is evaluated, and theories are
revised. The central claim of a theory-first approach is that theory is
not something to be added after computational analysis, but should
inform the entire research process. Three concrete principles follow
from this argument.

Researchers should begin by specifying the theoretical status
of the model and the object of study

Is the model itself being analyzed as a cultural artifact, or is it being
used as an instrument to study some other cultural phenomenon?
What construct is being measured, and why does that construct
matter? What is the appropriate unit of analysis and at what scale
does the construct operate? Theory can help organize the place of
generative Al and guard against problems of “construct drift”

Evaluation should shift from optimization to validity

The question is not simply which prompt, model, or benchmark
performs best, but whether a given design captures the intended
construct, preserves the relevant range of human judgment, and
supports claims that remain stable across reasonable variations. In
this sense, prompts should be treated as measurement instruments;
human annotations should be understood as theoretical evidence
rather than merely corrective labels; and prompt sensitivity should
be used as an epistemic stress test rather than dismissed as noise.

Interpretation should remain bounded by the assumptions
built into models while also taking advantage of the iterative
possibilities they create

Model outputs are never self-evident. They must be interpreted in
relation to pretraining data, optimization objectives, benchmark
design, tuning procedures, and prompt context. At the same time,
generative Al can support forms of theoretical discovery that are
difficult to achieve with inherited methods: surfacing implicit fea-
tures, revealing unexpected absences, generating hypotheses, and
helping researchers revise constructs in response to new patterns.

The theory-first approach thus offers a way to normalize
generative Al within humanities research without naturalizing
it. It neither rejects these systems as intrinsically unreliable nor
accepts them as neutral proxies for human interpretation. Instead,
it treats them as situated instruments whose value depends on
the clarity of the theoretical choices that guide their use. For
humanities scholars, this is not a defensive position. It is an
opportunity. As models increasingly mediate access to language,
images, history, and culture, the humanities can contribute not


https://doi.org/10.1017/chr.2026.10039

10

only new applications of Al but better accounts of what it means
to measure, interpret, and understand cultural meaning at scale.
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