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Abstract Digitization and advances in natural language processing have trans-
formed how sociologists can measure, model, and interpret social life through text.
We provide an overview of computational text analysis as a methodological tool
kit for building and testing social theory. The field is moving from descriptive uses
toward theory-driven and causal inference approaches, though methodological stan-
dards—especially around data quality, reproducibility, and causal claims—remain
inconsistent. Organizing approaches into data-first, theory-first, and theory–data in-
tegration paradigms, we highlight how different methods each balance inductive
discovery with theoretical specification. We conceptualize text-analytic methods as
measurement strategies that extract sociologically relevant information from un-
structured language data and show how they can be incorporated into both thick
descriptions and causal inference workflows. Taken together, various computational
text analysis approaches offer researchers new opportunities to recover latent con-
structs, bridge quantitative scale with qualitative depth, and revitalize interpretive
approaches in sociology.
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Computergestützte Textanalyse zur Entwicklung und Prüfung
sozialwissenschaftlicher Theorien

Zusammenfassung Digitalisierung und Fortschritte in der automatisierten Sprach-
verarbeitung veränderten die Möglichkeiten der Soziologie zur Vermessung, Mo-
dellierung und Interpretation des sozialen Lebens durch Text. Dieser Beitrag gibt
einen Überblick über die computergestützte Textanalyse als methodischen Werk-
zeugkasten zur Entwicklung und Prüfung sozialwissenschaftlicher Theorien. Das
Feld entwickelt sich von Beschreibungen hin zu theoriegeleiteten und kausalanaly-
tischen Anwendungen; zugleich bleiben methodische Standards, insbesondere hin-
sichtlich Datenqualität, Reproduzierbarkeit und kausaler Inferenz, noch immer un-
einheitlich. Wir ordnen bestehende Ansätze in datengetriebene, theoriegeleitete und
integrierende Paradigmen ein und arbeiten heraus, wie unterschiedliche Methoden
das Spannungsverhältnis zwischen induktiver Exploration und theoretischer Spezi-
fikation ausbalancieren. Textanalytische Verfahren verstehen wir als Messstrategien
zur Erschließung soziologisch relevanter Informationen aus unstrukturierten Textda-
ten und verdeutlichen, wie sich diese Verfahren sowohl für dichte Beschreibungen
als auch für kausalanalytische Forschungsdesigns nutzen lassen. Insgesamt eröff-
net die computergestützte Textanalyse neue Möglichkeiten, latente Konstrukte zu
erfassen, quantitative Reichweite mit qualitativer Tiefenschärfe zu verbinden und
interpretative Ansätze in der Soziologie neu zu beleben.

Schlüsselwörter Automatisierte Sprachverarbeitung · Large language models ·
Text als Daten · Deskription · Kausale Inferenz

1 Introduction

With the availability of large corpora of digital and digitized text and advances
in computational methods, approaches to uncovering social patterns in textual
data—previously confined to close reading, hand coding, and keyword count-
ing—have become increasingly scalable. Under the banner of natural language
processing (NLP; Hirschberg and Manning 2015; Jurafsky and Martin 2025) and,
more recently, large language models (LLMs) in particular (Brown et al. 2020;
Devlin et al. 2019; Kaplan et al. 2020; Radford et al. 2019; Vaswani et al. 2017),
computational text analysis has become an integral part of sociologists’ method-
ological tool kit (Edelmann et al. 2020; Jarvis et al. 2021; Bonikowski and Nelson
2022; Macanovic 2022; Stoltz and Taylor 2024; Davidson and Karell 2025). This
chapter discusses key approaches of computational text analysis as tools for dimen-
sionality reduction and information extraction in large and unstructured corpora of
sociological relevance. We take a measurement perspective on computational text
analysis, treating these methods as tools for quantifying social categories and em-
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pirical phenomena that were once hard to measure (Grimmer et al. 2022). For text
data, this involves compressing mostly latent linguistic information into numerical
representations of specific categories. The resulting model outputs can then serve as
inputs for analyses ranging from thick description to causal inference that support
the development and testing of social theory.

Our selection of NLP techniques highlights their adaptability to sociological in-
quiry—that is, their usefulness in both describing social phenomena and uncovering
the causal mechanisms underlying them. As will become clear, the downstream use
of measurements derived from computational text analysis requires little departure
from disciplinary conventions. Such measures can be readily integrated into stan-
dard causal inference strategies for observational data, including fixed-effects panel
regression (Brüderl and Ludwig 2015), regression discontinuity designs (Lee and
Lemieux 2014), and statistical matching (Stuart 2010). A prototypical sociological
application might use text to measure outcomes, such as public opinion during elec-
tion campaigns, individual attitudes in the wake of a natural disaster, media framing
in digitized newspaper archives, or the evolution of stereotypes in books spanning
centuries. Yet, like any data type, text can also serve as a treatment or operate as
a confounder that must be accounted for in causal analysis.

We consider traditional text analytical methods with well-understood properties,
and we highlight some key developments in (large) language models relevant to so-
ciological research using text as data. We distinguish among data-first, theory-first,
and theory–data integration approaches. Methods following the data-first approach
emphasize openness to discovery, using computational text analysis to surface latent
features that are then interpreted through a theoretical lens and often used for theory
development. Theory-first approaches, by contrast, require researchers to specify in
advance which linguistic features, categories, or relationships to measure. This leads
these methods to be used in deductive ways to test theories. Theory–data integration
approaches occupy the middle ground. They combine theory-driven choices in mod-
eling with openness to unexpected patterns. In the past two decades, these distinct
approaches have been implemented using specialized text analysis methods, each
tailored to particular research objectives and epistemologies.

More recently, the rise of so-called foundation large language models—large,
adaptable models that perform a variety of tasks with minimal modification—has
begun to loosen the distinctions between these categorical boundaries in practice
(Bommasani et al. 2022), as the same models can now be deployed across data-first,
theory-first, and theory–data integration approaches. While discriminative language
models, so-called encoder models, were primarily used to classify or extract infor-
mation from text, the newer generation of generative language models has a wider
range of analytical capabilities, including language generation. These generative
models, also called decoder models, include GPT (OpenAI), Llama (Meta), and
Claude (Anthropic). They are transforming text analysis by allowing researchers to
use natural language to input text—in the form of instructions and the text to be
analyzed—as well as to receive natural langage as output in the form of generated
text (Chae and Davidson 2025; Radford et al. 2019). The rise of generative language
models shifts computational text analysis from exclusively treating text as data to
producing new textual material that can itself become an object of analysis or a com-
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ponent of research design. These developments open new avenues, such as iterative
adjustment of coding criteria in dialogue with generative models and simplified text
analytical pipelines, making it easier than ever before to use text as data (Ibrahim
and Voyer 2025; Santana and Nelson 2025). Yet these new developments also pose
new challenges and require adaptation in sociologists’ workflows.

Regardless of the approach or method, however, most text-as-data analyses have
remained primarily descriptive, and they face common challenges when pursuing
causal inference. The foremost challenge in using text as data is that the primary goal
of text is communication, not recording information useful for scientific research
(Benoit 2020): Most textual data are organically generated without research goals in
mind. Such “found” textual data pose particular challenges for applying the standard
potential outcomes framework (Rubin 1974; see Leitgöb and Keusch 2026 as well
as Schwitter et al. 2026 in this issue). A central issue is that the high dimensionality
of textual data forces researchers to reduce it to a lower-dimensional representation
that aligns with the research question (Gentzkow et al. 2019). This often involves
iterative discovery work—for example, manually coding categories for classifiers,
revising codebooks, rerunning models with different parameters, or trying different
dimensionality reduction techniques. Such iterative processes can complicate causal
inference (Egami et al. 2022) because standard frameworks typically assume that
treatments and outcomes are defined a priori and do not require discovery work.
Consequently, causal inference with text data demands careful attention to workflow
design, including data selection and quality, preprocessing, and curation (Hurtado
Bodell et al. 2022).

An additional challenge is that computational text analysis often relies on texts
from digital platforms or digitized archives. These data are frequently incomplete,
nonrepresentative, and under corporate ownership (Guldi 2022; Hurtado Bodell et al.
2022). Data from digitized corpora often fail to include reliable metadata (Macanovic
2022), while online platform data typically lack detailed sociodemographic infor-
mation, are subject to shifting user populations and evolving online architectures,
and are often algorithmically confounded by platform features and affordances (Sal-
ganik 2018). Social media data in particular skew younger and more affluent than the
general population (Murthy 2024). Such issues pose challenges for both description
and causal inference using text as data, making careful attention to method selection
essential.

How researchers navigate these challenges depends fundamentally on the rela-
tionship between theory and data in their analytical approach. Accordingly, in Sect. 2
we organize approaches to text analysis by whether they prioritize discovery, mea-
surement of predefined concepts, or an integration of both logics, showing how each
serves distinct epistemic aims while remaining compatible with established inferen-
tial frameworks. Moving beyond a typology of techniques, we then demonstrate how
computational text analysis expands sociological inquiry along two dimensions: In
Sect. 3, we show how these methods enable thick description at scale, bridging the
quantitative–qualitative divide by combining pattern recognition across large corpora
with interpretive close reading. In Sect. 4, we examine the growing incorporation
of text data into causal inference, reviewing strategies for using text as outcome,
treatment, or confounder, while highlighting persistent methodological challenges
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Table 1 Categories of computational text methods

Approach Reasoning Objectives Examples

Data-first Inductive Identify latent patterns,
explore emergent concepts,
generate hypotheses

Topic models, word embeddings,
BERTopic

Theory-first Deductive Measure predefined con-
cepts, test hypotheses

Dictionaries, supervised classifiers
(e.g., naive Bayes, BERT), few- and
zero-shot classification (e.g., GPT)

Theory–data
integration

Mixed induc-
tive–deductive
or abductive

Combine theoretically mo-
tivated constraints with
openness to unanticipated
patterns, refine concepts

Structural topic models, seeded
topic models, interpretative word
embeddings

stemming from the high dimensionality of text and the iterative nature of text mod-
eling. In the concluding section, we contend that computational text analysis is not
merely a technical innovation but a substantive expansion of what sociology can
measure, model, and interpret.

2 Methods Overview

Computational text analysis methods can be organized around how they handle the
relationship between theory and data, a distinction that parallels broader method-
ological debates about deductive versus inductive reasoning in social science re-
search (Stoltz and Taylor 2024). Data-first methods connect to an inductive research
approach and work by discovering patterns and structures within text collections,
which researchers then interpret as representing meaningful social phenomena. The-
ory-first methods, by contrast, connect to the deductive research approach and require
researchers to provide clear definitions and examples of the concepts they want to
measure before seeing the data. These methods are then used to identify predefined
concepts in texts. Theory–data integration methods combine both approaches, fol-
lowing an abductive research logic, using theoretical guidance to focus the analysis
while allowing discovered patterns to refine or extend initial concepts. This three-
way distinction maps onto familiar technical categories—unsupervised, supervised,
and semisupervised learning—while emphasizing the question of how researchers
engage with the relationship between theory and data. Table 1 provides a summary
of these method categories. Beyond these traditional method families, generative
language models have introduced new methodological possibilities that can operate
across the three categories and thereby soften the distinctions between approaches.
Importantly, their flexibility means that they do not simply represent a theory–data
integration method; instead, the same underlying model can be directed toward
data-first, theory-first, or theory–data integration tasks depending on the research
design. Each approach offers specific advantages for different stages of sociologi-
cal inquiry, and sociological research questions can require researchers to combine
methods from multiple categories to generate novel, interpretable, and theoretically
meaningful insights.
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2.1 Data-First Methods

Data-first methods are used by researchers open to data-driven discovery. A common
use case is to find structures in big text data—aggregated from books, diaries, news
media, or online posts—to trace, for example, changes in social norms or the emer-
gence of particular understandings of concepts and events (Kozlowski et al. 2019;
Nelson 2021; Voyer et al. 2022; Best and Arseniev-Koehler 2023; Hurtado Bodell
et al. 2026). Here, computational text analysis can help identify latent features of the
data, which researchers can then interpret in light of theory. In practice, moving from
computationally discovered patterns to theoretically meaningful interpretations typ-
ically involves comparing data-driven patterns to theoretical expectations, assessing
whether they align with or challenge prior understandings, and using that comparison
to refine existing theories or generate new ones.

A widely adopted data-first approach is topic modeling. The traditional topic
model, latent Dirichlet allocation (LDA), discovers latent thematic structures within
collections of text, identifying topics as clusters of words that frequently co-occur
in text documents (Blei et al., 2003, 2010). The intuition behind LDA is as follows:
Imagine that each document in a corpus is written about a mixture of topics, and each
topic can be characterized by the words that are likely to appear when that topic
is discussed. For example, a newspaper article about sports might contain words
like “game,” “goal,” and “player,” while an article about politics might include
words like “election,” “candidate,” and “policy.” Latent Dirichlet allocation works
backward from this assumption—it observes the actual words in documents and tries
to infer which words go together, and thus forms topics, as well as tries to infer
how much of each topic a document contains (Blei et al. 2003; Griffith and Steyvers
2007). That is, if the model observes a lot of words such as “goal” and “player” in
the same documents, it will assume that these words together to form a topic and
that the topic is strongly present in this document. Topics show up as collections
of words that the researchers label depending on how they interpret them (Chang
et al. 2009; Nelson 2020). This makes topic models a prime example of a data-first
method, as theorizing occurs only after the modeling has been conducted.

Text clustering can also be done with the help of both discriminative and gener-
ative language models. Using discriminative models, the texts are first represented
using word embeddings from the language model, after which the embeddings are
clustered to discover semantically similar documents. Finally, topics are inferred
from these clusters (Grootendorst 2022; Katz et al. 2024; Miller and Alexander
2025; e.g., BERTopic model). Researchers have also probed the capabilities of new
generative LLMs in extracting relevant themes from text based on simple textual
prompts (i.e., written instructions describing the task; De Paoli 2024), with rather
moderate success (Mu et al. 2024). Currently, generative LLMs face several limita-
tions in theme extraction: They tend to overemphasize general and popular topics at
the expense of more specific and nuanced ones, prioritize content at the beginning
or end of texts, and respond to small changes in phrasing with disproportionate
changes in topic interpretations (Castellanos et al. 2025).

Beyond clustering, researchers can use different language representation ap-
proaches for the exploration of relationships between words (and concepts) in
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language. Using word embeddings as multidimensional representations of words,
researchers can discover semantic relationships by analyzing how words are used in
context. The most common methods work on the assumption that words that appear
in similar contexts tend to have similar meanings (Mikolov et al. 2013). This im-
plies that if two words frequently appear in similar contexts, they are likely to share
semantic properties. For example, “doctor” and “physician” might both appear near
words like “hospital,” “patient,” and “treatment,” suggesting they have similar mean-
ing. Word-embedding algorithms analyze these co-occurrence patterns across large
corpora to create numerical representations—embedding vectors—for each word,
in which similar vector representations are attributed to semantically similar words
(Mikolov et al. 2013; Rodman 2020; Arseniev-Koehler and Foster 2022). This results
in a mapping where relationships between words are preserved as geometric rela-
tionships, and meaningful relationships can potentially be discovered through vector
arithmetic (Kozlowski et al. 2019). For instance, the famous example “king–man+
woman� queen” demonstrates how these vector representations capture abstract se-
mantic relationships. In a sociological application, researchers might measure how
the semantic distance between words related to affluence and education has shifted
over time (Kozlowski et al. 2019), using theoretical frameworks about social class
to guide which word relationships to examine and how to interpret the patterns
they find. However, recent work has raised important questions about what word
embeddings actually capture, since words can align in vector space due to semantic
similarity, syntactic substitutability, or mere co-occurrence patterns (Boutyline and
Arseniev-Koehler 2025). Consequently, researchers must carefully assess whether
the contextual patterns captured by embeddings reflect the conceptual relationships
of interest or merely linguistic regularities.

Best practices for the use of word embeddings are still evolving (Boutyline and
Johnston 2025; Taylor et al. 2025), and further classes of models have been devel-
oped, including contextualized word-embedding models (Jurafsky and Martin 2025).
Unlike the traditional embeddings approaches (e.g., the word2vec model), which as-
sign a single fixed vector to each word, contextualized embeddings generate different
representations for the same word depending on how it is used in a particular sen-
tence or paragraph. Models that produce contextualized embeddings often used for
exploration of semantic relationships include discriminative language models such
as BERT (Bidirectional Encoder Representations from Transformers; Devlin et al.
2019) and RoBERTa (Robustly Optimized BERT Pretraining Approach; Liu et al.
2019). They achieve contextualization by processing entire sequences of text rather
than isolated word–context pairs and through attention mechanisms, allowing the
model to dynamically weight the importance of each word in the sentence when
predicting any given masked word (Vaswani et al. 2017). Rather than treating all
context words equally, attention enables the model to focus more heavily on the most
relevant words for each prediction task of masked words. The key insight behind
contextualized embeddings is that word meaning is inherently contextual—the word
“depression,” for instance, means something entirely different when placed in the
context of “economics” or in the context of “feelings,” and these semantic differ-
ences should be captured in the word’s numerical representation (Arseniev-Koehler
2024). This shift from static to contextual embeddings expands the methodological
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tool kit available to sociologists, offering richer ways of capturing how meaning
varies with context, while still requiring careful theoretical framing to ensure that
these representations map onto substantively interpretable constructs. Beyond static
and contextualized word embeddings, researchers can also extract vector embed-
dings of whole sentences or entire texts, reducing the high dimensionality of textual
data to a limited number of dimensions. These vector embeddings can be used as
input for different analyses, such as text similarity (Lin 2025), classification (Best-
vater and Monroe 2023; Widmann and Wich 2023), and treatment effect estimation
(Veitch 2020).

Data-first approaches require careful validation to determine whether the patterns
they uncover correspond to meaningful sociological constructs rather than modeling
artifacts. The form of validation depends on the method. In topic modeling, for
instance, researchers can use statistical criteria—such as goodness-of-fit measures
for different numbers of topics—to evaluate model performance (Arun et al. 2010),
and they can assess interpretability by examining whether the inferred topics cor-
respond to theoretically relevant concepts (Grimmer and Stewart 2013). For word
embeddings, relationships among concepts can be compared to human judgments
or theoretically expected associations (Boutyline and Johnston 2025). Across these
approaches, validation serves to ensure that computationally derived patterns are
substantively coherent and theoretically informative, rather than merely reflections
of linguistic regularities or modeling assumptions.

2.2 Theory-First Methods

In contrast to data-first methods, theory-first approaches require researchers to spec-
ify in advance which linguistic features, categories, or relationships they want to
measure, rather than discovering them through statistical patterns in data. Word fre-
quencies and dictionary-based methods have the longest traditions in analyses of
text as data in sociology (Lasswell 1934; Franzosi 2004). The core logic of such
approaches is that researchers specify words that indicate a theoretical concept or
can tell something about the context of which the text was written (van Loon 2022).
The frequency of these words then serves as a measure of the theoretical concept’s
presence in a text. For example, if theory suggests that anxiety manifests through
certain linguistic markers, researchers can create a dictionary containing words like
“worried,” “nervous,” “anxious,” and “stressed,” and then count how often these
words appear in texts to generate an “anxiety score.” Researchers can either create
their own dictionaries or rely on dictionaries curated by others. In sociology, such
measures are often used to track emotions, political orientations, or cultural frames
across time and contexts (see Macanovic 2022 for an overview).

Supervised classification methods—whether traditional or language model
based—represent another class of theory-first approaches because they require
researchers to make explicit theoretical decisions about the categories they want to
identify before any modeling begins (Bonikowski and Nelson 2022; Hurtado Bodell
2024). That is, researchers need to have a good idea of what their theoretical con-
cepts look like in their textual data and be able to answer questions such as “Is this
text about migration? Does this speech contain populist rhetoric? Does this review
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express positive or negative sentiment?” The theoretical frameworks that define
these categories fundamentally shape the entire analytical process. Conventionally,
researchers are then required to produce a sample of texts that have been manually
evaluated (coded) for the presence of the theoretical concept of interest. Some of
the methods we list below rely on these manually evaluated texts to learn patterns of
interest in texts and then apply them to the remainder of the corpus. These manually
coded texts also provide the basis for validating model performance.

Traditional classification models—for example, logistic regression, naive Bayes,
support vector machines, and random forest (see Murphy 2012 for an overview of
these models)—typically require the researcher to select which feature representa-
tion to use for analyzing the text. In practice, this means that theory informs not
only the categories to predict but also how texts are represented. For example, when
predicting whether a text is about migration, words are represented as features, but
the model learns which ones (such as “migrants” or “refugee”) are predictive as
features. Beyond using words as features, researchers can also incorporate metadata
such as online engagement metrics, author characteristics, temporal information, or
contextual variables into their analyses (Grimmer et al. 2022). Feature selection can
also be automated, for example using least absolute shrinkage and selection op-
erator (LASSO) regression (Tibshirani 1996), which applies a penalty to estimated
feature effects, shrinking coefficients toward zero based on their magnitude such that
features with weak predictive power are excluded while stronger predictors are re-
tained. Yet, even when automated, performance still depends heavily on researchers’
theoretical understanding of both categories and textual features.

Language model–based classification models, by contrast, typically operate on
the raw textual input, learning internal representations that capture relevant features
automatically. This shifts the burden of feature selection and engineering away from
the researcher. While researchers still define the theoretical categories of interest,
the model itself identifies the textual patterns most relevant for classification (De-
vlin et al. 2019; Grimmer et al. 2022). This represents a significant methodological
shift—whereas traditional classifiers require theoretical decisions about both cate-
gories and features, language model–based approaches primarily require theoretical
decisions about which categories the model should predict. Both discriminative
language models and generative LLMs such as generative pretrained transformers
(GPTs; Radford et al. 2019; Brown et al. 2020; OpenAi et al. 2024) can be used in
text classification. In these models, it is the attention mechanisms that automatically
identify which parts of texts are most relevant for the predefined classification task.
For instance, when classifying whether a social media post is about migration, the
attention mechanism might automatically learn to pay more attention to specific
terms like “illegal aliens” or “border security” than to more generic language that
can be found in posts about many different topics.

Traditional classifiers and language model–based classification (especially gen-
erative LLMs) call for different training procedures. When working with traditional
classifiers and simpler language models, researchers would train a classifier model
from scratch, which would often require a substantive amount of coded data. Newer
generations of language models instead allow us to use the capabilities of models
that have already been trained on large amounts of different data and adapt them to

K



M. Hurtado Bodell et al.

the task at hand. There are several approaches to doing this: fine-tuning, few-shot
learning, and zero-shot learning. Discriminative language models such as BERT
and RoBERTa have often been used in combination with the fine-tuning approach
that involves starting with a pretrained model and adjusting it (that is, fine-tuning)
on labeled data for a specific classification task (Radford et al. 2018; Devlin et al.
2019; Howard and Ruder 2018). This process typically requires a substantial num-
ber of labeled examples, but it can achieve high performance because the model
starts with rich representations of language learned from massive corpora (Do et al.
2022). In contrast, few-shot learning requires only a handful of labeled examples,
relying more heavily on the model’s preexisting capabilities (Brown et al. 2020).
Zero-shot learning goes even further, requiring no labeled examples at all; instead,
researchers provide carefully crafted prompts that describe the classification task in
natural language, asking the model to classify texts based solely on its pretraining
knowledge and the task description (Xian et al. 2017; Ollion et al. 2024). Few-shot
and zero-shot learning are usually performed with generative LLMs. Yet another
procedure that can help achieve higher classification performance with generative
LLMs is so-called instruction tuning, in which the model is provided with a set of
instructions and example outputs in order to learn how to follow particular coding
instructions (Chae and Davidson 2025). For instance, a researcher will provide the
model with a task instruction (e.g., “Denote if this text is positive or negative: [text]”)
alongside examples of the preferred format of the output (e.g., “Positive”). This can
help streamline the model output so that it aligns well with researchers’ goals. The
choice of how to use language models ultimately reflects a trade-off among avail-
able labeled data, computational resources, time constraints, and desired accuracy.
Fine-tuning offers the highest performance when sufficient labeled data exists, while
few-shot and zero-shot methods provide strong alternatives when data are limited
or unavailable. Given the pace of methodological development, few-shot and zero-
shot approaches are achieving increasingly competitive accuracy (Brown et al. 2020;
Kojima et al. 2022).

Further theory-first approaches include information extraction and dependency
parsing. The former retrieves relevant pieces of information about certain concepts
or actors from unstructured text (Grishman 2019). The latter identifies grammatical
relationships between these targets by representing sentences as networks of rela-
tionships (Jurafsky and Martin 2025). Take the sentence “The researcher analyzed
the data carefully.” Dependency parsing would identify “analyzed” as the main verb
(the head or root of the sentence), with “researcher” depending on it as the subject,
“data” depending on it as the object, and “carefully” depending on it as an adverb.
These relationships form a head-dependent, treelike structure that captures not just
which words appear together but also how they function grammatically in relation
to each other. Although generative LLMs appear to perform rather well in such gen-
eral information extraction tasks (Stuhler et al. 2025), their performance lags behind
specialized models when it comes to dependency parsing (Lin et al. 2023; Ezquerro
et al. 2025). Dependency parsing holds particular promise for sociological inquiry
because it can extract semantically rich relations from text data to capture “who
did what to whom” in systematic ways (Stuhler 2022). For example, dependency
parsing could be used to understand gender differences in attributed agency in the
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ways that men and women are discussed online by identifying whether women and
men are typically positioned as agents performing actions or as being subjected to
them.

To ensure that computational methods successfully capture the concepts of inter-
est in text, researchers should always validate their outputs. The standard procedure
involves dividing the manually coded set of texts into three subsets: training, vali-
dation, and test sets. The training set is used to train or fine-tune the model, after
which the validation set guides adjustments to model parameters for improved per-
formance. The final model is then applied to the test set, and its outputs are compared
to human coding (Grimmer and Stewart 2013). Some approaches, such as zero-shot
classification with generative LLMs, do not require a training set but still bene-
fit from validation to select appropriate model variants or parameters. Agreement
between human and machine coding is typically measured using accuracy (the pro-
portion of texts correctly classified) or F-score (the harmonic mean of precision and
recall, balancing the model’s ability to identify true positives while avoiding false
negatives; Macanovic and Przepiorka 2024).

2.3 Theory–Data Integration Methods

A third family of methods available to analyze texts lies somewhere between the
theory-first and data-first approaches. We call them theory–data integration meth-
ods, since they—to varying degrees—allow researchers to make both theory-driven
choices in the modeling process and allow data to disclose potentially unexpected
patterns.

Topic models have been extended in two important ways that make them rele-
vant in this intermediate modeling category. First, the structural topic model allows
researchers to include document-level features as “explanatory variables,” for which
the model estimates how these features affect both topic prevalence and topic content
(Roberts et al. 2014, 2019; Grimmer et al. 2022). For instance, researchers might
include variables such as the author’s political affiliation or the publication date to
examine how these characteristics shape the topics discussed and the language used
to discuss them. This makes structural topic models particularly valuable for testing
theoretical hypotheses about how social, political, or temporal contexts influence
discourses. Unlike traditional LDA, which treats all documents as interchangeable,
structural topic models explicitly model the relationship between document meta-
data and topical content, enabling researchers to ask questions such as “Do conser-
vative and liberal politicians discuss immigration using different topics?” or “Has
the prevalence of migration-related topics changed over time in news coverage?”

Second, seeded topic models (Jagarlamudi et al. 2012; Watanabe and Zhou 2022)
allow researchers to guide the topic model toward identifying specific topics that
relate to their research interests by placing informative priors on particular words
(Hurtado Bodell et al. 2026). This means that researchers can specify a priori which
words they expect to relate to their theoretical constructs of interest, and then ex-
amine whether these expectations align with patterns the model discovers in the
data. Researchers begin with theoretical assumptions about which words constitute
meaningful topics (similar to dictionary-based methods), but unlike fully theory-first
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approaches, seeded topic models are not deterministic. Even when researchers guide
the model by specifying seed words they believe will cluster together to form a theo-
retical construct, the model still inductively identifies additional words that co-occur
with these seeds in the data. For instance, if a researcher studying migration dis-
course seeds a topic with words like “asylum-seeker,” “refugee,” and “migrant,” the
model might discover that words like “deportation” or “illegal aliens” also belong to
this topic based on their co-occurrence patterns in the corpus—words the researcher
may not have anticipated. This semisupervised approach ensures that topics align
with theoretical interests while remaining open to data-driven discovery; it can im-
prove topic coherence and interpretability compared to fully unsupervised LDA,
and it allows researchers to test whether their theoretical expectations about topic
structure are supported by actual language use patterns in their corpus. To perform
such analyses, similar methodologies now also exist for language model–based ap-
proaches such as BERTopic (Grootendorst 2022). However, regardless of the method
used, the choice of seed words remains crucial and reflects theoretical commitments
that shape the model’s output (Hurtado Bodell et al. 2026).

Theory–data integration approaches also build on the word-embedding method-
ology. Similar to the seeded topic models, prior-informed embeddings allow re-
searchers to guide the estimation of vectors to isolate an interpretable dimension into
a specific part of the embeddings space (Hurtado Bodell et al. 2019). This approach
exemplifies theory–data integration because researchers use theoretical expectations
to shape how the model learns from data, while simultaneously allowing the data
to reveal patterns beyond these theoretical priors. In effect, the theory guides which
dimensions are interpretable, but the data determine where other words fall along
these dimensions. In practice, this allows researchers to specify theoretically moti-
vated relationships among selected words and encode these expectations as priors
during the embedding training process. For example, if researchers are interested in
studying how words have been gendered over time, they can place priors on word
pairs related to men and women (such as “he/she,” “man/woman,” “father/mother”)
in such a way that at least one dimension of their embedding represents gender,
with male-associated and female-associated words positioned at opposite ends of
that dimension. In this way, researchers know before running the word-embedding
model which dimension will represent their theoretical construct of interest (gen-
der) and can then study how other words—such as occupation terms or personality
adjectives—position themselves along that theoretically anchored dimension. This
reveals whether terms like “doctor,” “nurse,” “ambitious,” or “caring” are more asso-
ciated with men or women in the corpus, while allowing the remaining embedding
dimensions to capture other semantic relationships discovered inductively from the
data.

Pushing this logic further, recent work has sought to integrate theoretical expec-
tations with a data-driven analysis by using chatbots relying on generative LLMs
in qualitative research as tools for iteratively refining theoretical ideas in light of
empirical insights (Ibrahim and Voyer 2025; Than et al. 2025). Some propose de-
ploying generative LLMs throughout the analytical pipeline, beginning with LLM-
driven code discovery in text. Researchers then refine and update these codes before
giving the model more targeted instructions and proceeding with thematic analysis
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and data classification (Drápal et al. 2023). Other approaches begin with a clearly
defined concept of interest and ask the generative model to extract themes related to
that concept, iteratively adjusting the instructions to ensure alignment of model out-
put with theoretical expectations without imposing too many theoretical constraints
on the dataset (see Ibrahim and Voyer 2025 for an overview).

Like theory-first and data-first approaches, theory–data integration methods re-
quire validation. In practice, researchers typically compare the models’ theory-
guided components to human annotations or theoretically grounded expectations,
while the inductively learned components are evaluated using procedures analogous
to those in data-first methods—for example, assessing whether discovered patterns
are coherent, interpretable, and consistent with domain knowledge (Hurtado Bodell
et al. 2026).

Together, these various methods illustrate the promise of theory–data integration
approaches. By embedding theoretical expectations into models that still learn from
data, they offer sociologists a way to preserve interpretability and test substantive
hypotheses while remaining open to the discovery of unanticipated patterns. In this
sense, integration approaches avoid the rigidity of purely theory-first designs and the
opacity of purely data-first ones, letting theory and data mutually inform one another
within a single modeling process rather than being applied in separate, sequential
stages (Nelson 2020; Hurtado Bodell 2024).

3 Thick Description

Many canonical applications in sociology use computational text analysis to cre-
ate thick descriptions of social reality, whether they adopt data-first, theory-first,
or theory–data integration approaches to drawing insights from text corpora. The
concept of thick description originated in Clifford Geertz’s (1973) anthropologi-
cal work and has been adapted by Hedström and Udehn (2011) in the context
of middle-range theorizing. They distinguish “thin descriptions”—factual accounts
of a chain of events—from “thick descriptions,” which situate those events within
their broader social, cultural, and economic contexts. Thick descriptions become
especially valuable when they enable deeper, more generalizable explorations of
the mechanisms underlying observed phenomena, thereby paving the way for the-
ory development. Although thick description has traditionally been associated with
qualitative approaches, computational methods can extend its reach: By analyzing
vast amounts of unstructured textual data systematically and reproducibly, at a scale
far beyond what individual researchers can achieve through manual reading alone,
computational methods can capture complex relationships within social systems. Yet
without scholars who interpret and contextualize identified patterns in light of so-
ciological theory and existing empirical evidence, these regularities cannot become
scientific knowledge.

When the pattern-detecting capacities of algorithms combine with sociological
interpretation (Santana and Nelson 2025) and theoretical knowledge informs each
step of working with “found” textual data (Yung et al. 2025), computational text
analysis becomes a tool for refining and extending sociological concepts and the-
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ories. Social theorists and text analytical tools thus complement and augment one
another, as researchers use computational representations to formulate and refine
hypotheses about underlying social systems. Thick description based on computa-
tional methods can thereby connect large-scale, transparent, and reproducible anal-
yses with the interpretive depth traditionally associated with qualitative research.
Exploratory methods of pattern recognition in unstructured texts are therefore not
opposed to interpretive modes of inquiry but can scale and complement approaches
such as grounded theory (Glaser and Strauss 1967), abductive analysis (Tavory and
Timmermans 2014), and forensic social science (McFarland et al. 2016).

Several workflows have been proposed for how computational text analysis can
be used to refine and build theory through iterative engagement with data and in-
terpretation. Computational grounded theory (Baumer et al. 2017; Nelson 2020)
exemplifies one such workflow, using computational methods to identify patterns
in large corpora before developing theoretical insights with close reading. The pro-
cess involves three steps: (1) automated pattern detection using data-first methods
as described above, (2) manual inspection and interpretation of a subset of docu-
ments to understand what automated patterns mean in context, and (3) refining of
the computationally identified patterns based on these interpretations, for example
using theory-first methods or theory–data integration approaches. This workflow en-
hances rigor, reproducibility, and scalability while emulating the interpretive depth
of qualitative close reading (Nelson 2020).

Abductive approaches (Brandt and Timmermans 2021; Tavory and Timmermans
2014) offer an alternative workflow that combines inductive and deductive reason-
ing. Abduction begins with existing theoretical and empirical knowledge but remains
open to previously unknown or unexpected patterns through data exploration. When
a new insight emerges from the data that challenges existing theory, theory can
be revised and extended. For example, research analyzing parliamentary speeches
on migration might begin with established theories of how restrictive migration
policies are justified through economic, security, or cultural threat narratives, but
through a data-first or theory–data integration approach, it could identify that far-
right parties frequently employ humanitarian framing—emphasizing the need to help
people in their home countries rather than through migration—prompting theoreti-
cal refinements about how restrictive immigration policies gain legitimacy through
humanitarian appeals. Brandt and Timmermans (2021) argue that the abductive ap-
proach augments computational text analysis because the large scale of text corpora
allows patterns that might remain hidden in smaller datasets to appear systematically
and because text-as-data analyses are closely linked to powerful machine-learning
techniques for pattern detection.

What unites both inductive and abductive pathways in computational text analysis
is their fundamentally iterative nature. Researchers move back and forth between
theory and data to gradually refine their measurement strategies and calibrate them
to the intended theoretical conceptualization (Bonikowski et al. 2022). Equally im-
portant is the iterative movement between quantitative and qualitative modes of
analysis: Researchers zoom out to capture overarching patterns in a corpus using
computational techniques and a standardized analytical pipeline and zoom in to
interpret those patterns through interpretative close reading of a small subset of
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documents (Voyer et al. 2022; Pournaki and Willaert 2025). The importance of the
iterative workflow in computational text analysis has been emphasized across the
full range of computational text analysis methods—from more conventional topic
models (Karell and Freedman 2020) and word embeddings (Boutyline and Arseniev-
Koehler 2025) to LLM-based tools (Stuhler et al. 2025).

Such iterative workflows have enabled advances in producing thick descriptions
and generating new theoretical insights into the structure of social relations. First,
text-based research has documented systematic relations between concepts that con-
stitute structures of shared cultural meaning (Mohr 1998). For example, Nelson
(2020) used computational text analysis to identify the political logics of historical
women’s movements across U.S. cities. By going back and forth between computa-
tional pattern detection using topic models and close reading of literature produced
by women’s movements in two cities, the author discovered how Chicago-based
groups focused more on organization and the concrete needs of the community,
whereas New York groups emphasized individuals and their diverse lived expe-
riences to make claims about how social structures affected women’s lives. This
result refined existing theories of how local cultures exist within and shape social
movements. Second, computational text analysis has expanded researchers’ ability
to examine the interdependencies among different groups of actors within a social
system. The large corpora produced across societal domains—newspaper articles,
literature, political speeches, digital trace data from online communities—provide
a foundation for systematically analyzing relations between groups (Menshikova
2025). For example, Barberá et al. (2019) demonstrated how the political agenda
of high-ranking U.S. legislators responded to public discourse by drawing connec-
tions between two corpora of Twitter posts—one from members of Congress and
one from the public. By analyzing the saliency of topics in tweets posted by both
groups, they uncovered that politicians were more likely to follow the agenda set
by the public rather than lead it. This result contradicted the long-standing theory
of agenda-setting power held by political parties. Such analyses illustrate how com-
putational text analysis can be used to refine theories about how groups interact and
influence each other.

Lastly, exploring patterns emerging from texts has provided novel ways to relate
different units of analysis, similar to the logic of bipartite networks. We can draw
connections between actors who produce texts based on the similarity of the opin-
ions and interpretations they express, while also linking opinions or interpretations
according to the number of actors who share them. Illustrating this approach, Karell
and Freedman (2020) used topic models to measure the cultural elements that dif-
ferent Afghan militant groups use. By measuring overlap in cultural elements used,
they demonstrated that groups that share common cultural elements were less likely
to engage in conflict with one another later, thereby narrowing theoretical predic-
tions about how the mechanisms of cultural change operate in the context of social
conflict. Their computational text analysis approach also provided a stronger theo-
retical integration between cultural sociology and conflict studies. Together, these
examples demonstrate how computational text analysis advances sociological thick
description by enabling systematic explorations of social mechanisms at scale while
retaining interpretative depth, helping bridge the qualitative–quantitative divide.
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4 Causal Analysis

Computational text analysis methods have expanded the capacity for theory testing
by allowing social scientists to design more precise measurements of complex the-
oretical concepts and test hypotheses at larger scales or within previously hard-to-
access populations (e.g., Edelmann et al. 2020; Mohr et al. 2020; Stoltz and Taylor
2024). Still, computational text analysis thrives on large-scale observational data
that are well-suited for mapping and measuring social phenomena but that pose
challenges for causal inference.

Moving from thick description to causal inference creates tension, as statements
of cause and effect typically require controlled interventions and random assignment,
which are difficult to implement when analyzing naturally produced text at scale.
Yet sociologists have increasingly sought to use measures extracted from text data
for purposes of causal inference—by using text as either outcome, treatment, or
confounder (Grimmer et al. 2022; Schwitter et al. 2026, this issue)—employing
different research strategies that make trade-offs between causal identification and
the practical constraints of working with process-produced textual data. Among these
approaches, the text-as-outcomes paradigm most directly leverages computational
text analysis’s core strength of extracting measurements that capture variations in
textual patterns. We review some highlights of this research, with a focus on studies
of political discourse and public opinion.

Within the text-as-outcome paradigm, researchers have pursued causal inference
through two primary approaches relying on exogenous variation to study changes
in texts: (1) leveraging naturally occurring observational data and (2) conducting
experiments. Among researchers using observational data, event-based designs are
especially common, treating external events as natural experiments to approximate
causal inference without randomized experimental manipulation. These studies use
changes in macro-level textual patterns as proxies for shifting public opinions, shared
understandings, or public discourses. One early example is Bail (2012), who stud-
ied the consequences of the 9/11 terrorist attacks on mass media reporting about
Muslims and the role of civil society organizations in such shifts. Using plagiarism
detection software, he identified that messages from anti-Muslim fringe organi-
zations dominated mass media reporting following the attacks. Garcia and Rimé
(2019) identified increasing negative emotions in online discussions following the
2015 terrorist attacks in Paris. Hurtado Bodell et al. (2026) examined how terrorist
attacks and other emotional events during the European “refugee crisis” impacted
which topics were salient in mass media reporting on migration. The study used
measures of pretheorized concepts, extracted with seeded topic models, in a regres-
sion–discontinuity kind of design, comparing the salience of different interpretations
of immigration before and shortly after the event. These studies analyzed aggregate
textual corpora—collections of media articles, social media posts, or public docu-
ments—to trace how collective discourse shifted in response to exogenous shocks.

Drawing strict causal inferences from aggregate-level event studies, however, re-
mains challenging. The estimation strategy typically rests on two key assumptions:
that events prior to the focal event do not directly affect current textual patterns,
and that past textual patterns do not affect the occurrence of the focal event (Imai
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and Kim 2019). In the context of macro-level discourse, both assumptions are diffi-
cult to satisfy. Past events may have longer-lasting consequences on media framing
through institutional adaptation and the gradual consolidation of interpretive frame-
works. Conversely, past topic saliencies may impact actors’ decisions to create or
amplify subsequent news events. Moreover, aggregate-level data obscure important
compositional dynamics, as observed shifts may reflect changes in who speaks rather
than genuine transformations (e.g., opinion change) among the panel of people who
produced the texts before and after the event.

Causal inference may prove more tractable when individual-level textual data are
available, as with social media platforms where posts can be linked to specific users.
This enables researchers to leverage within-individual variation and employ tech-
niques such as difference-in-differences or fixed effects. Flores (2017), for instance,
used Twitter data to study how changes in Arizona’s anti-immigrant law shaped pub-
lic opinion, comparing users in the affected state with those in similar unaffected
states to establish causality. This difference-in-differences approach, combined with
dictionary-based sentiment measurement, exploits the individual-level structure of
social media data to strengthen the causal identification. Czymara et al. (2023)
showed how hostility on YouTube increased following terrorist attacks around Eu-
rope as a result of shifting user composition. Similarly, Czymara and Gorodzeisky
(2024) employed interrupted time series analysis to examine how jihadist terror
attacks affected ethnoreligious hostility on Twitter. Their individual-level approach
enabled them to decompose the overall effect into intra-user changes (individuals
becoming more hostile) versus compositional changes (different users participating).
Hurtado Bodell and Menshikova (2024) extended this analytical strategy from study-
ing sentiments to examining mechanisms of meaning-making. Analyzing posts from
Sweden’s largest discussion forum across 37 jihadist terrorist attacks, they distin-
guished between within-individual shifts in how online users talk about immigration
and compositional shifts of the speakers themselves. Although these studies vary in
their claims about causality, they share a commitment to leveraging temporal pat-
terns to move beyond pure descriptions. These studies collectively demonstrate how
found individual-level data with appropriate temporal variation can approximate
causal inference through ex post facto designs. This offers a valuable complement
to experimental approaches using text as data (see Schwitter et al. 2026, this issue),
interesting in particular for the much larger scale and external validity this approach
supports (Breen and Pan 2026, this issue).

In contrast to the text-as-outcome tradition, research treating text as treatment
relies predominantly on experimental designs that use controlled exposure to ex-
ogenous variation in textual content for clear causal identification. While this work
shares the broader interest in understanding how discourses shape social outcomes
or how statements of others influence people’s beliefs, attitudes, and behaviors,
this research typically does not involve computational text analysis. Instead, textual
content serves as the experimental stimulus, and outcomes are typically measured
through survey responses. Prominent examples include Bail et al.’s (2018) experi-
ment on how exposure to ideologically misaligned online messages can radicalize
the political opinions of recipients. Guess and Coppock (2020) tested how polar-
ization changed when individuals encountered confirming or opposing information
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to previously held beliefs. They randomly assigned subjects to receive positive or
negative information about gun control, minimum wage, and capital punishment,
finding that both proponents and opponents updated their views in the direction of
the textual information presented. Relatedly, texts have been used in web experi-
ments that studied the spreading of different types of messages, such as true and
false news, in social networks (Stein et al. 2023).

The text-as-confounder approach, finally, allows researchers to extract informa-
tion from text in order to identify relevant features, reduce dimensionality, and
incorporate textual measures into causal models. In other words, computational text
analysis is used to extract granular measures of previously hard-to-capture concepts
to improve the internal validity of traditional methods of causal inference. This is
crucial when researchers expect that latent information from textual data confounds
the main effect of interest. In an early demonstration, Roberts et al. (2020) analyzed,
in one study, Chinese social media censorship, estimating whether experiencing cen-
sorship would increase the likelihood of users getting censored in the future (it did),
adjusting for both the content of the post as well as nontextual confounders such
as previous posting rates. In a second study, focusing on the science of science,
they examined the gender citation gap in international relations scholarship, testing
how accounting for differences in female and male scholars’ writing could explain
citation disparities without invoking gender bias. Studying peer-to-peer influence in
music diffusion, Arvidsson et al. (2025) analyzed digital traces from Spotify users to
estimate the causal effect of social exposure on music adoption. The key confounder
was music taste such that separating homophily from influence required measuring
users’ listening prior to exposure. To capture latent musical preferences, they ap-
plied topic models to user playlists, treating playlists as documents and artists as
words. The resulting topics captured groups of co-occurring artists, corresponding to
genres and cultural eras. Users’ topic proportions, i.e., their listening to specific gen-
res, then represented music taste. The topic proportions enabled high-dimensional
statistical matching (Roberts et al. 2020; Eckles and Bakshy 2021) to control for
homophily. After adjusting for confounding in this way, the researchers still found
substantial social-influence effects on music adoption, although smaller ones than
naive estimates would imply (Arvidsson and Keuschnigg 2025).

Another way to handle potential confounders contained in textual data is by us-
ing a so-called deconfounder method (Wang and Blei 2019; see also Leitgöb and
Keusch 2026, this issue). This approach infers a latent variable that acts as a sub-
stitute for unobserved confounders, allowing for the estimation of causal effects net
of these confounders. In a similar vein, Veitch et al. (2020) used an embedding-
based approach to deal with textual confounding. They examined whether adding
a theorem to an academic paper affected its acceptance rate. However, papers with
theorems may systematically differ in subject matter, writing quality, or complexity
from papers without theorems. They developed “causally sufficient embeddings”
that created low-dimensional text representations preserving information needed for
causal adjustment. Their embeddings from a discriminative language model cap-
tured textual features that predicted both theorem presence and paper acceptance,
enabling the researchers to control for the thematic focus and writing quality of pa-
pers and isolate the causal effect of including a theorem. Veitch et al. (2020) found
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that including a theorem had a positive effect on acceptance, though the effect was
smaller after adjusting for textual confounding than naive estimates suggested. Imai
and Nakamura (2025) have proposed a similar framework in which generative LLMs
are used instead of discriminative models to retrieve low-dimensional text features.
The generative LLM is used to generate the exact same text as the original, after
which researchers can retrieve the model’s internal low-dimensional representation
of the text (i.e., the embeddings). These embeddings can then be used to estimate
the deconfounder before moving on with the causal treatment effect estimation. The
authors used this approach to reestimate the effects from Roberts et al. (2020) and
found that using this approach led to lower bias in effect estimates. The embed-
ding-plus-deconfounder method can be useful in both text-as-treatment and text-as-
confounder designs.

Generative LLMs can further be useful in causal inference because they can
generate counterfactual texts that differ from the original text only in the dimension
of interest (Nguyen et al. 2024; Wang et al. 2024). While such textual counterfactuals
are often generated with the goal of understanding the models themselves, they can
be useful in text-as-treatment designs where researchers want to study the effect of
a single feature on an outcome, holding all the other text features constant (Leitgöb
and Keusch 2026, this issue).

Beyond the challenges of identifying causal effects in specific empirical contexts,
recent methodological research has identified further problems that arise when using
high-dimensional textual data for causal inference—problems that apply regardless
of whether data are aggregate- or individual-level or whether researchers use found
data or experiments. A fundamental challenge stems from the high dimensionality
of textual data. As in the Spotify example, researchers typically require creation
of lower-dimensional representations of textual content before incorporating them
into analyses. As seen in previous sections of this article, the mapping between
raw text and a lower-dimensional representation can be done in different ways:
by manually reading and annotating texts, using data-first approaches to identify
previously unknown patterns, or by applying theory-first methods to classify texts
into predefined categories. Regardless of which mapping approach is used, it risks
violating the stable unit treatment value assumption (SUTVA), which requires that
the outcome of any unit must not vary with the treatment assignment of any other
unit (Imbens and Rubin 2015; Egami et al. 2022; see also Breen and Pan 2026 as
well as Leitgöb and Keusch 2026 in this issue).

When dealing with lower-dimensional representations of texts, this is problematic
because the specific units used to create the mapping influence how treatment is
assigned to all other documents, thereby influencing their potential outcomes. Egami
et al. (2022) call this the fundamental problem of causal inference with text data.
Consider an example in which a researcher randomly selects 500 social media posts
to create a codebook defining what hateful content looks like in the studied context.
This codebook is then used to map all other posts to a binary variable with value 1
if it contains hateful content and 0 otherwise. The decision of how to classify the
remaining posts depends on how hateful content appeared in the randomly sampled
500 posts. If the researcher had instead selected 500 different posts, the codebook
might have looked different, leading to potentially different classification decisions
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for the remaining posts. Hence, in violation of SUTVA, the assignment for any given
post depends on the set of posts present in the initial sample. Egami et al. (2022)
further suggest that modeling high-dimensional text data is sensitive to overfitting.
Texts contain thousands or even millions of unique words, phrases, and linguistic
patterns, creating a vast feature space where spurious correlations easily arise. When
these features are used to estimate treatment effects, models can capture patterns
specific to the training data that fail to generalize to new texts.

As a principled solution, Egami et al. (2022) propose data splitting. Data are
divided into one subset exclusively for creating the lower-dimensional mapping of
texts and into another reserved for estimating causal effects. By separating the two
stages with sufficient data, researchers ensure that units used to estimate causal rela-
tionships are not the same units that determined how the text-to-treatment mapping
was constructed. This approach helps address both SUTVA violations and overfit-
ting concerns, providing clearer guidance for future sociological work that seeks to
draw causal inferences from textual data.

5 Discussion

Large corpora of text now serve as social sensors, and the text analytical methods
discussed here are one way of capturing what is happening in society. They offer
new and refined ways to measure phenomena that quantitative sociology has tradi-
tionally studied through survey research. Because textual expressions contain richer,
more multidimensional information than survey items—and large corpora enable
their collection at scale—text as data can support more precise theory building and
testing, especially when relevant constructs involve emotions, sentiment, or interpre-
tations. Moreover, text data such as digital traces from social media are often well
suited for developing and testing theories of social dynamics and collective phenom-
ena, as they capture individual behaviors, expressed opinions and sentiments, and
social outcomes within the interactive social contexts within which they emerge.
In this context, we have also emphasized how computational text analysis bridges
quantitative scale with qualitative depth. By enabling researchers to combine distant
and close reading, work through larger data, and enhance transparency and repro-
ducibility, these methods and their further development will also provide valuable
tools for qualitative research designs and the scaling-up of rich interview studies.

Analyses of text as data are surely not without their own limitations. Like many
forms of digital trace data, text corpora are rarely created for research purposes and
often provide “thin” information on the individual-level characteristics of the popu-
lations that generated them (Salganik 2018). This limitation may be less pronounced
for corpora generated by well-documented social groups such as media or politi-
cal elites (e.g., U.S. Congress representatives [Gentzkow et al. 2018]) or literary
authors (e.g., English-language fiction writers [Underwood et al. 2022]). However,
when studying the general public’s opinions through social media data, sociodemo-
graphic information is typically sparse (Flores 2017; Hastings and Pesando 2024).
Moreover, text corpora put to research uses disproportionately represent Western
populations while underrepresenting women and ethnic minorities (Brown et al.
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2016). These limitations complicate efforts to contextualize and generalize findings,
underscoring the need for careful consideration of whether the theories tested and
developed through computational text analysis are equally applicable across diverse
social settings. Beyond these demographic biases, text data inherently reflect the so-
cial contexts in which they are produced, including prevailing norms and stereotypes
(Stoltz and Taylor 2024). While computer scientists develop debiasing algorithms
to reduce inherent biases in text data and language models, social scientists lever-
age these biases to analyze inequalities and stereotypes at scale (e.g., Boutyline
et al. 2023 on gender stereotypes; Luo et al. 2024 on ethnic prejudice). Against this
backdrop of likely biases and data quality issues, we point to recent contributions
by Hurtado Bodell et al. (2022) and Mützel and Ollion (2025) on evaluating text
corpus quality at different stages of the sociological analysis of textual data.

Clearly, research that uses text as data has matured beyond its initial descriptive
impetus, and sociological research is transitioning from treating text analysis as
an “end,” i.e., reporting novel empirical regularities, to treating it as a “means” of
advancing social theory (Bonikowski and Nelson 2022). The path toward rigorous
causal inference, however, remains uneven. Few current studies, including our own,
implement methodological safeguards such as the data-splitting framework of Egami
et al. (2022), and claims about causality vary widely across published empirical
work. Although the use of generative models for causal inference is exploding, its
use in the social sciences is still in its infancy (see also Jeon and Brand 2026 as well
as Leitgöb and Keusch 2026 in this issue). As the field develops further, bridging
the gap between current practices and emerging methodological standards represents
a key challenge.

As noted earlier, the rise of the new generation of generative LLMs and chatbots
that build on them has significantly democratized the use of text as data. The ease of
their use has brought upon a wave of studies relying on generative language models.
Results show that while generative LLMs enable researchers to achieve excellent per-
formance on certain analytical tasks (Gilardi et al. 2023; Törnberg 2023), they also
introduce challenges such as inconsistent results (Ollion et al. 2024; Pangakis et al.
2023), model hallucinations (Huang et al. 2025), and sensitivity to subtle variations
in prompting (Reiss 2023; Savelka et al. 2023), where prompting refers to the input
text and instructions provided to the language model. Additional concerns include
limited transparency and reproducibility (Liesenfeld et al. 2023), biased representa-
tions of minority social groups and languages (Guilbeault et al. 2025; Wang et al.
2025), and risks related to sharing sensitive data with companies behind proprietary
models (Spirling 2023; Ollion et al. 2024; Rytting et al. 2023). While the current
wave of excitement around generative artificial intelligence may soon give way to
a more measured assessment of its strengths and weaknesses, researchers must re-
main committed to reproducible, traceable, and precise measurement of concepts
grounded in social–scientific theory and practice (Grimmer et al. 2021; Macanovic
2022).

The methods we have touched upon primarily extract information from text, such
that they use text as a sensor for capturing social patterns. With the rise of generative
LLMs, however, researchers are increasingly exploring text generation—and with
it the possibility to create counterfactual actors and alternative worlds. The text-
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generation application that so far has garnered the most enthusiasm is using gener-
ative models to simulate human behavior across contexts (see Kozlowski and Evans
2025 for a recent discussion). Early studies in survey research suggest that prompt-
ing generative LLMs with characteristics of real respondents can yield answers
that resemble those of actual respondents (Argyle et al. 2023), though subsequent
work has shown that these results do not generalize across contexts (von der Heyde
et al. 2025). Another emerging direction involves using generative LLMs to emulate
agents in agent-based computer simulations (Gao et al. 2024). The premise is that,
compared to the simple agents typically employed, generative LLMs can introduce
richer behavioral complexity: They can take actions without explicit step-by-step
instructions, respond and adapt to stimuli, and interact with other agents or humans
(Park et al. 2023; Kozlowski and Evans 2025). Related work has also evaluated the
extent to which decisions made by generative LLMs in social scientific experiments
resemble those made by human participants (Chen et al. 2023; Mei et al. 2024).
In other words, the door is once again open to run social–scientific research on
entirely “silicon” populations. Although agents equipped with some sort of artificial
intelligence have been used productively in a range of applications since as early as
the 1950s (Holme and Tsvetkova 2025), the deployment of generative LLM-based
agents requires particular caution (Dillion et al. 2023). Currently, such generative
models tend to underestimate the diversity of responses given by actual humans
(Bisbee et al. 2024; Kozlowski and Evans 2025), produce responses biased toward
majority opinions (Crockett and Messeri 2025), and reflect certain cultural and so-
cial backgrounds more than others (Alvero et al. 2024; Tao et al. 2024). Moreover, it
remains unclear to what extent models trained on broad, generalized knowledge can
accurately represent perspectives stemming from specific, embodied experiences of
individuals (Kozlowski and Evans 2025).

Challenges and open questions notwithstanding, computational text analysis in
sociology has opened new avenues for quantifying hard-to-measure concepts, uncov-
ering elusive patterns, and interpreting a wealth of novel insights through theoretical
frameworks (Mohr et al. 2020; Borch and Pablo Pardo-Guerra 2025; Santana and
Nelson 2025). However, validating the outputs of chosen methods by comparing
them to human judgments or theoretically guided assessments and ensuring that
extracted patterns accurately reflect their intended concepts remains essential for re-
alizing the potential of computational text analysis (Grimmer et al. 2022; Schwitter
et al. 2026, this issue). With this in mind, computational text analysis has the poten-
tial to revitalize theory building and spark a renaissance of cultural sociology and the
interpretative paradigm within disciplinary communities that were previously exclu-
sively quantitatively oriented—and thus often confined to studying a narrow range
of phenomena supported by systematic but often mundane data. As computational
methods continue to mature and sociologists refine their approaches to working with
textual data, these limitations are rapidly becoming challenges of the past.
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