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Abstract

In recent years, there has been a surge of in-
terest in Cultural NLP, with substantial efforts
to create globally inclusive NLP systems. The
rapid growth of literature in this field makes
it difficult to track trends in methods and data
resources. To address this, we survey over 375
papers to answer three complementary ques-
tions: (1) What Cultural Capabilities (CCs)
are being targeted in NLP systems? (2) How
are cultural data resources being created? and
(3) What methods are being used to improve
the CCs of those systems? We discuss trends
observed across the three questions, and iden-
tify relevant research gaps. To facilitate further
research in this field, we release our full list
of surveyed papers, in the form of an interac-
tive web interface, CULTUREMINE1, which
includes a feature to allow researchers to add
their work; we hope this facilitates future re-
search and proves to be a valuable resource for
the Cultural NLP community.

1 Introduction

“No people come into possession of a culture
without having paid a heavy price for it.”

— James Baldwin

Language and culture are fundamentally interde-
pendent; language both reflects, and is shaped by
culture (Sapir, 1929). Cultural NLP, which studies
this intersection, has seen rapid growth in recent
years; As of March 2026, searching the ACL An-
thology for the word "culture" or "cultural" yields
more than 700 papers from the last two years alone!
This volume of emergent work makes it difficult for
researchers to keep abreast of novel methodologies
and data resources for Cultural NLP. To address
this, we survey over 375 papers and provide an
overview of (1) what Cultural Capabilities (CCs)

*Equal contribution.
1Accessible now at https://culture-in-nlp.pages.dev/.
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Figure 1: An overview of our surveying pipeline. We
conduct iterative reading and manual annotation of over
375 papers, resulting in (1) our categorization of Cul-
tural Capabilities, (2) new cultural Data and System tax-
onomies, and (3) key insights for the field. All annotated
papers and findings are synthesized into CULTUREM-
INE, an interactive web repository for the community.

are being targeted for improvement (§4), (2) meth-
ods utilized for creating cultural datasets (§5), and
(3) methods proposed to improve the CCs of NLP
systems (§6).

To help navigate the volume of papers, we first
group them by contribution type—datasets, and
systems, and then each contribution is also mapped
to a CC, based on what cultural competency it tar-
gets. Within each contribution type, we propose
a taxonomy to organize papers, and answer the
questions: (1) For dataset contributions, how are
cultural datasets created? and (2) For system contri-
butions, what methods are adopted to improve the
CCs of NLP systems? In contrast to other surveys
in this field (discussed in §2), we offer a technical
overview of the field and propose an organization
scheme to navigate a voluminous and rapidly grow-
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ing body of literature.
Furthermore, we release our full list of surveyed

papers through an interactive web interface, CUL-
TUREMINE; each paper is manually annotated
with our taxonomy—in addition to metadata such
as cultural proxy (e.g., languages, countries). CUL-
TUREMINE also includes a submission form that
researchers can use to add their work to the collec-
tion2. We hope this will be a valuable resource for
the cultural NLP community.

Our contributions are as follows:

• We survey over 375 papers, organize them
based on our proposed taxonomy, and addi-
tionally tag them with rich cultural metadata.

• We identify trends in methodologies to pro-
vide the reader with an overview of the field,
and propose future directions for cultural NLP.

• We release CULTUREMINE as a resource
for the community. We welcome additions
to CULTUREMINE to foster collaborative re-
search and streamline the discovery of rele-
vant work.

2 Related Surveys

There are some highly relevant surveys for cultural
NLP, offering insights into definitions of culture
and how culture is operationalized in NLP. Liu et al.
(2025a); Adilazuarda et al. (2024) discuss how cul-
ture is defined, and survey commonly adopted prox-
ies of culture. Zhou et al. (2025c) offer a nuanced
perspective on how cultural NLP systems should
be designed, based on theories from sociocultural
linguistics. In this paper, we don’t redefine culture,
and refer readers to the surveys mentioned above
for this. To select papers we survey, we deferred to
the authors to determine whether their work is cul-
tural NLP or not (§3 for details). Our survey adopts
a complementary, technical perspective. Our main
goal is to present an overview of recent technical
advances for improving the cultural capabilities of
NLP systems.

A closely related survey is Pawar et al. (2025),
which surveys cultural awareness in language mod-
els, with a focus on data resources, and provides
a comprehensive overview of resources for the
community. In contrast, we survey NLP systems
broadly without limiting the survey to language

2Submissions to CULTUREMINE are reviewed by the
authors to ensure tag consistency.

models. Additionally, our focus is on the meth-
ods, both for creating data resources as well as
improving NLP systems. Finally, more than half
the papers in our survey are from 2025, and thus
not included in Pawar et al. (2025).

3 Literature Collection and Annotation

In this section we provide a brief overview of our
literature collection and paper annotation strategy.
Papers were added manually by authors as well
as automatically via a keyword scrape of the ACL
Anthology covering the past five years (up to and
including 2025). After the initial keyword scrape,
we utilized an LLM-assisted filtering pipeline to
retain papers that met our criteria; they proposed
either a novel methodology or dataset for cultural
NLP.

All remaining papers were manually filtered by
the authors to filter out works whose primary contri-
butions were sociolinguistic or sociological rather
than computational (see §4.2 for survey scope).
This resulted in a final corpus of over 375 papers,
which were read and annotated by the authors. We
held regular meetings to refine the definitions of
our taxonomies; All papers were reviewed to en-
sure strict adherence to definitions in §4.1, §5, and
§6. Full details regarding our search queries, LLM
filtering pipeline, and consensus protocol are pro-
vided in Appendix A. In the subsequent sections,
we cite only representative works, but a full list of
papers can be found in the Appendix F, Table ??.

4 Definitions

In this section, we formally define the lens through
which we analyze the surveyed literature. We de-
fine a traditional NLP task as a well-defined compu-
tational problem specifying the behavior a system
should exhibit. In contrast to standard tasks (e.g.,
classification, text generation), in this paper we
categorize works based on the Cultural Capability
they address. The distinction is clarified and further
explained in the following subsection.

4.1 Defining Cultural Capabilities

We define a Cultural Capability (CC) as an ab-
straction over NLP tasks to answer: “What specific
cultural behavior is this dataset measuring, or is
this system improving?”

A CC may be measured via various NLP tasks,
and a given NLP task can be used to measure vari-
ous CCs. To illustrate, a system’s Cultural Knowl-
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edge could be measured via the NLP task of QA
(e.g., “What foods are strictly prohibited in a kosher
diet?”), but could also be measured via a recipe gen-
eration task, where outputting a dish with pork is
inherently penalized as a factual error.

The motivation for focusing on CCs rather than
on standard NLP tasks was made early in survey
phase. It enabled us to identify what kinds of CCs
are being targeted by the community, and which
ones may be overlooked. Looking at contributions
through the lens of CCs instead of NLP tasks allows
for a more nuanced understanding of how culturally
competent current NLP systems are.

The CCs were not pre-defined, but rather discov-
ered through our bottom-up survey of the literature.
We identified nine core CCs that the NLP commu-
nity is actively working to measure and improve:
1. Cultural Translation: the ability to convert

text in one language to another, while preserv-
ing/accounting for cultural nuance and artifacts.

2. Survey-based Cultural Alignment: the capa-
bility of predicting the distributions of answers
to value surveys conditioned on particular cul-
tures (e.g., World Value Survey).

3. Value-driven Cultural Alignment: the capa-
bility to behave in such a way that agrees with a
particular culture’s values, or to switch between
behaviors aligning with target cultures.

4. Cultural Knowledge: the ability to know, re-
call, understand, and use textual knowledge
about a particular culture or cultures.

5. Multimodal Cultural Knowledge: the abil-
ity to know, recall, understand, and use visual
knowledge about a particular culture or cultures.

6. Sociolinguistic Competence: the ability to un-
derstand, produce, or use language in such a
way that it aligns with a particular culture or
cultures’ expected linguistic behavior.

7. Cultural Safety and Harm Reduction: the
ability to understand, censor, correct, or avoid
text that contains harms or potential harms in
accordance with a target culture or cultures.

8. Cultural Education: the ability to aid in educa-
tive processes, conditioned on a target culture.

9. Computational Cultural Representation: the
capability to computationally represent, com-
pare, modify, or edit representations of culture
or its features.

4.2 Scope and Contribution Categorization
Survey Scope: We limit the scope of this survey
to include only works whose overarching aim is to

improve or measure these CCs of NLP systems. As
a result, we excluded works that use existing NLP
models for computational social science (CSS). For
example, Garimella et al. (2016) use NLP methods
to answer the question How are the same words
used differently in different cultures? This is valu-
able work but falls outside the scope of this paper.
We view CSS as a vital pillar of Cultural NLP, but
constrain our taxonomy specifically to those works
that contribute a dataset or system advancement.

Contribution Types: Within the papers that
meet our criteria, we first categorized them by their
contribution type: Datasets and Systems. Note
that many papers have both types of contributions.
The main motivation for this categorization was
to make it easier to analyze the broad field of Cul-
tural NLP and extract insights about community
focus and trends. Additionally, it aids researchers
in efficiently finding resources via our companion
webpage CULTUREMINE. In §5, we explore the
Dataset branch, analyzing the methodologies used
to curate cultural data. In §6, we analyze the Sys-
tems branch, detailing the NLP methods used for
Evaluation, Data Generation, and Improvement.

5 Datasets for Cultural Capabilities

We surveyed 320 dataset papers, and analyze tech-
niques and sources for dataset creation, followed
by insights into common dataset creation pipelines.
The goal of this section is to leave the reader with
an overview of how culture is being injected into
datasets.

5.1 Dataset Creation Methods
We broadly categorize cultural NLP dataset cre-
ation into four approaches: human-generated data
(§5.1.1), adaptation from existing language data
sources (§5.1.2), datasets grounded in cultural re-
search and frameworks (§5.1.3), and synthetic data
generation (§5.1.4). Figure 2 shows our taxonomy.

5.1.1 Human-Sourced Data
Crowdsourcing workers are widely used for large-
scale data collection and annotation requiring gen-
eral human judgment rather than specialized cul-
tural expertise: asking contributors to submit di-
verse images or questions (Cahyawijaya et al.,
2025b; Arora et al., 2025), collecting opinions
through voting (Falk et al., 2024), rating (Casola
et al., 2024), or abusive content labeling (Muham-
mad et al., 2025).
Cultural experts or native speakers are employed
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Bhatia et al. (2025); Sadr et al. (2025); Pham et al. (2025)

Wang et al. (2024a); Singh et al. (2025c)

Cao et al. (2025); Jiang et al. (2025); Zhao et al. (2024a)

Bai et al. (2025); Feng et al. (2025); Ventura et al. (2025)

Li et al. (2024b); Wang et al. (2025c)

Satar et al. (2025); Xu et al. (2025b); Mukherjee et al. (2025)

Figure 2: How are Cultural Datasets being created? Our taxonomy for Dataset Creation methods (solid
color boxes), and example papers employing these methods (striped color boxes). Note that a paper can
combine any number of data creation methods.

for tasks requiring cultural or linguistic expertise,
such as labeling cultural aspects (Maji et al., 2025b;
Alwajih et al., 2025a; Xie et al., 2025), creating cul-
turally grounded content (Zhan et al., 2024; Guo
et al., 2025), or assisting with translation (Kim
et al., 2025a; Montalan et al., 2025).
Domain experts help ensure datasets align with
the domains: law specialists developing annotation
guidelines (Ullah et al., 2024), historians and ar-
chaeologists ensuring artifact accuracy (Ghaboura
et al., 2025), and experts defining dataset tax-
onomies (Vasilev et al., 2025).

5.1.2 Naturally Occurring Sources

Web data provides unstructured cultural signals in
online reviews (Zou et al., 2025) and social media
to capture cross-cultural language use (Kumar and
Jurgens, 2025; Wuraola et al., 2024; Abdelkadir
et al., 2024; Kiesel et al., 2022; Liu et al., 2025e),
and images for visual QA and reasoning (Liu et al.,
2021, 2025e; Bayramli et al., 2025).
Parallel Corpora contain comparable content
across languages, such as culturally relevant en-
tities (Yao et al., 2024a; Conia et al., 2024),
rules (Haberland et al., 2024), and topical images

(Schneider and Sitaram, 2024).
Culture knowledge sources offer explicit and fine-
grained cultural concepts and artifacts, reflecting
the highest level of culture sensitivity: modifying
existing datasets for a particular culture (Wang
et al., 2024d; Grandury et al., 2025; Son et al.,
2025), and filtering pre-existing cultural resources
(Dai et al., 2025). Educational and domain-specific
materials are also widely used: children’s books
(Khanuja et al., 2024), exams (Cheng et al., 2025),
e-learning platforms (Pramodya et al., 2025), re-
search journals (e.g., PubMed) (Nimo et al., 2025),
literature (AbuHaija et al., 2025), and Wikipedia
(Magdy et al., 2025; Bhatia et al., 2025).

5.1.3 Cultural Research

Culture Value Surveys, such as the World Val-
ues Survey (WVS) (Inglehart et al., 2000; Haerpfer
et al., 2022), provide standardized value-oriented
questions and empirical responses that researchers
use to construct datasets: expanding question sets
(Xu et al., 2025a), predicting answer distributions
(Cao et al., 2025), or selecting dialogue topics
based on response patterns (Ma et al., 2025b).
Cultural/Social Science Theories also guide
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dataset creation. Frameworks such as Hofstede’s
Cultural Dimensions (Hofstede, 1984), the Theory
of Basic Human Values (Schwartz, 1992), and ne-
gotiation theory (Aslani et al., 2016) are used to
refine value taxonomies for question generation
(Cahyawijaya et al., 2025a), categorize values (Yao
et al., 2024b), and guide annotators (Hale et al.,
2025).

5.1.4 Synthetic Generation
Machine Translation is used to expand datasets
across languages. Work applies Google Translate
to translate simple sentences (Belay et al., 2025;
Yin et al., 2022) and literature (Thai et al., 2022).
LLMs are used for translation (Onohara et al., 2025;
Kim and Kim, 2025), augmentation (Masala et al.,
2024), and verification of cultural alignment (Putri
et al., 2024). Other work uses specialized trans-
lation models NLLB Team et al. (2022) for qual-
ity check (Aakanksha et al., 2024; Nguyen et al.,
2024b), or trains models to support low-resource
dialects (Mousi et al., 2025).
LLM Generation is increasingly used in dataset
construction: generating culturally specific content
such as stereotypes (Jha et al., 2023; Sahoo et al.,
2024), moral scenarios (Liu et al., 2024a; Dey et al.,
2025), and norms (CH-Wang et al., 2023); standard-
izing data formats (Chiu et al., 2025; Umbet et al.,
2025), and adapting content across cultural con-
texts (Joshi et al., 2025; Putri et al., 2024). Beyond
text, LLMs are used to synthesize images (Kim
et al., 2025b), generate image captions (Bai et al.,
2025), and label videos (Chen et al., 2025d).

5.2 Insights into Dataset Creation Pipelines

Our analysis reveals that modern cultural dataset
creation rarely relies on a single, isolated method.
Figure 2 illustrates common combinations of
dataset creation approaches (additional details in
Appendix C.3) with representative examples. We
identify two dominant pipelines.
Pipeline 1: Source-Grounded Human Curation
combines cultural knowledge sources with human
expertise. Researchers typically adapt materials
from books, image collections, and local websites,
then ask humans to create prompts (Isbarov et al.,
2025), questions (Nayak et al., 2024), and QA
pairs (Limkonchotiwat et al., 2025), or annotate
through quality checks (Kim et al., 2024a; Kim and
Lee, 2025), label assignment (Maji et al., 2025a;
Zhang et al., 2025b), or culture-specific translation
(Winata et al., 2025), and enrich existing cultural

datasets with expert knowledge (Cheng et al., 2025;
Romanyshyn et al., 2024).
Pipeline 2: LLM Co-Creation uses LLMs as
as generative amplifiers or structuring tools in
dataset creation, with human input, theoretical
frameworks, or existing language resources, in-
cluding expanding seeded content with additional
situated examples (Xu et al., 2025a; Zhan et al.,
2024; Li et al., 2025); generating culturally diverse
content followed by human verification (Urailert-
prasert et al., 2024; Qiu et al., 2025; CH-Wang
et al., 2023); extending topic coverage (Wang
et al., 2024f; Cahyawijaya et al., 2025a; Chiu et al.,
2025); and extracting or generating additional in-
formation from existing language sources (Bhatia
et al., 2025; Arnardóttir et al., 2025).

Despite the common use of these pipelines, we
find several exceptions across Cultural Capabili-
ties (Figure 9). Sociolinguistic Competence empha-
size crowdsourced interactions to capture natural
language use while avoiding explicit cultural cues
that could create evaluation shortcuts. Cultural
Translation rely more on language professionals
(Akinade et al., 2023; Tapo et al., 2025a; Zhang
et al., 2025e), and draw on web-based multilingual
content, which captures contemporary expressions
that often remain untranslated. Cultural Safety and
Harm Reduction similarly depend on web data, par-
ticularly social media, to capture potentially harm-
ful language needed for moderation (Maronikolakis
et al., 2022; Mia et al., 2025). In contrast, Com-
putational Cultural Representation use LLM-based
synthetic generation to construct structured cultural
knowledge that is difficult to obtain directly from
raw data (Acquaye et al., 2024; Ziems et al., 2023;
Pujari and Goldwasser, 2025).

We also identify the conceptual rigor trade-
off in the literature. Compared to other data con-
struction approaches, culture research based meth-
ods are used less frequently. This pattern suggests
that current cultural NLP dataset creation relies
more heavily on coarse-grained, proxy-based data
sources than on structured guidance from well-
established conceptual frameworks in social sci-
ence. Such a trend highlights a potential trade-off
between scalability and practical convenience on
the one hand, and depth, conceptual rigor, and pre-
cision of cultural representation on the other.
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Bang et al. (2023); Qiu et al. (2025); Madhusudan et al. (2025)

Xu et al. (2024); Ying et al. (2025)

Jinnai (2024); Anegundi et al. (2022); Bayramli et al. (2025)

Zhang et al. (2025h); Sharma et al. (2022); Alwajih et al. (2024)

Khanuja et al. (2020); Wang et al. (2025c); Choenni et al. (2024)

Rai et al. (2025a); Ghosh et al. (2021)

Figure 3: What methods are used to improve Cultural Capabilities? Our taxonomy of Systems (solid
color boxes), and example papers employing these methods (striped color boxes). Note that a paper may
combine any number of methods.

6 Systems for Cultural Capabilities

In this section we first discuss three different kinds
of systems that we identified during our survey
(§6.1), and then summarize some technical ap-
proaches adopted to improve CCs in NLP systems
(§6.2).

6.1 Methodology Goals

Among all the papers that contributed a system, we
identified three distinct overarching goals:
System Improvement for CC: Works that seek to
directly improve an NLP System’s CCs, e.g., (Ma
et al., 2025b; Cao et al., 2025; Li et al., 2024d).
System Evaluation for CC: Works that propose
a novel system to evaluate an NLP System’s CCs,
e.g., (Zhao et al., 2025; Mukherjee et al., 2023;
Zhang et al., 2025a).
Cultural Data Generation: Works that propose
a generalizable framework to generate culturally
informed data, e.g., (Keleg and Magdy, 2023; Fung
et al., 2023; Hasan et al., 2025).

The three system goals each have a very different
impact on research, which makes this an important
distinction. We allow the ability to query papers
by this distinction in CULTUREMINE, and discuss
insights from this classification in §7.

6.2 Technical Approaches to Methodology

Fig. 3 illustrates the taxonomy used to clas-
sify methods based on their technical approaches.
Prominent themes for each approach are discussed
below.

6.2.1 Prompting Based Methods
We identified over 70 papers that contributed a
novel system utilizing prompting in various ways.
One common approach is to vary the language of
the prompt, to either probe a model (Kim and Kim,
2025; Zhao et al., 2025), or to encourage cultur-
ally aligned behavior (Feng et al., 2024a). Other
methods use specialized prompts, such as injec-
tion of cultural knowledge (Shaikh et al., 2023; Ma
et al., 2025b), guiding principles (AlKhamissi et al.,
2024), multi-step prompting (Hobson et al., 2024),
and cloze templates (Ramezani and Xu, 2023).

6.2.2 Agent Systems: Retrieval and
Multi-Model Systems

We found Agent Systems, often with a "retriever
agent" to be a common system proposed. What is
the motivation for using an agentic framework? We
find two recurring themes: (1) To allow for cultur-
ally diverse interactions and output (Ki et al., 2025;
Li et al., 2024d; White et al., 2024; Bai et al., 2025;
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Feng et al., 2024b), (2) To allow for specialized
roles in complex systems made up of smaller mod-
ules (Anik et al., 2025; Wu et al., 2024; Yuan et al.,
2024; Liang et al., 2025). For systems that uti-
lized a retriever, what was the role of the retriever?
The most common role we found was to retrieve
diverse kinds of cultural information such as enti-
ties (Conia et al., 2024), recipes (Hu et al., 2024),
medical text (Calvo-Bartolomé et al., 2025), poetry
(Chen et al., 2025a). This would be explained by
the fact that the most common CC associated with
retrievers was Cultural Translation.

6.2.3 Human in the Loop Systems
We identified 13 papers that proposed a system
involving a human in the loop. The main role of
humans in these systems was to provide cultural
expertise, which can look like judgments and cor-
rections (Pujari and Goldwasser, 2025; Ziems et al.,
2025), culturally informed seed data (Hasan et al.,
2025; Rachamalla et al., 2025; Putri et al., 2024),
adversarial input (Chiu et al., 2025), and even out-
side culture judgment (Park et al., 2025b).

6.2.4 Training Based Methods
Many papers propose novel training paradigms to
improve the CC of NLP Systems. By far the most
common one we identify is SFT on LLMs for some
form of cultural alignment (Choenni et al., 2024;
Cao et al., 2025; Xu et al., 2025a; Dai et al., 2025).
Another common trend we notice is that of train-
ing smaller models for specialized tasks, such as
Bert (Devlin et al., 2019) to identify values (Kiesel
et al., 2022) or predict stereotypes (Kim and John-
son, 2025), e5 model (Wang et al., 2024b) to align
sociocultural concepts (Wang et al., 2025c), or eval-
uation metrics trained to reflect human judgment
(Bayramli et al., 2025). Finally, there are several pa-
pers that introduce novel architectures for special-
ized tasks such as subjective prediction (Parappan
and Henao, 2025), predicting social relationships
from videos (Zhang et al., 2025h), and transfer
learning across languages (Ringel et al., 2019).

6.2.5 Classical NLP
In this subsection we discuss approaches which are
often paired; embeddings, lexica, and methods over
them like clustering, summarization.
Lexica: We identified 2 main ways that lexica
are used in this field: (1) discovering cultural dif-
ferences like ideologies (Milbauer et al., 2021),
perspectives (Gutiérrez et al., 2016), expressions

of mental health (Rai et al., 2025a), and personal
values (Wilson et al., 2016), and (2) quantifying
linguistic aspects like style (Havaldar et al., 2023a),
bias, (Naous and Xu, 2025; Friedman et al., 2019)
cultural awareness (Zhao et al., 2025; Caplan et al.,
2025), harm (Menis Mastromichalakis et al., 2025),
and concepts (Li and Zhang, 2023).
Embeddings: Lexical methods are often paired
with embedding based methods for purposes like
enriching the lexica (Havaldar et al., 2024, 2023a),
comparing similarities or differences between cul-
tures (Sun et al., 2021; Milbauer et al., 2021), and
detecting cultural biases (Friedman et al., 2019).
In contrast, (Rai et al., 2025a; Caplan et al., 2025)
specifically avoid embeddings to prevent issues
arising from bias in embeddings. Other works,
exploit the bias in embeddings to measure ab-
stract concepts like values, ideologies and identities
(Cahyawijaya et al., 2025a; Milbauer et al., 2021;
Ventura et al., 2025; Havaldar et al., 2024), and
perceptions and pragmatics (Sun et al., 2021; Lin
et al., 2018; White et al., 2024). Another common
use of embeddings is to create a shared representa-
tion space for multiple cultures, in order to discover
similarities and differences between them (Choenni
et al., 2024; Zhou et al., 2023).
Statistical Methods: These methods encompass
a wide variety of tools like clustering, topic mod-
eling, evaluation metrics etc. We highlight two
interesting recurring themes; the first is the use of
clustering and topic modeling to discover common
themes from large noisy data (Cuevas et al., 2025;
Milbauer et al., 2021; Hobson et al., 2024; Pujari
and Goldwasser, 2025), and the second is the use
of various metrics to measure abstract concepts like
cultural alignment (Wang et al., 2024c), ideologies
(Milbauer et al., 2021), and values (Xu et al., 2024).

6.2.6 Mechanistic Interpretability
We identified few methods using mechanistic in-
terpretability, which indicates it being an underex-
plored method for cultural NLP. The papers we did
identify propose novel ways to answer why models
display the cultural tendencies that they do (Xu
et al., 2024; Ying et al., 2025).

6.2.7 Multimodal Methods
Several papers we surveyed proposed methods that
included modalities beyond text. A very interesting
line of work uses vision to account for low resource
languages that do not have a surplus of textual data
(Li and Zhang, 2023; Chen et al., 2024; R et al.,
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2025). Another motivation for such methods is
cultural competence over non-text modalities like
vision (Sharma et al., 2022; Alwajih et al., 2024;
Zhang et al., 2025c,h; Khanuja et al., 2025).

7 Observations and Recommendations
for Future Work

7.1 Trends in Proposed Future Work

We analyzed the future work sections of the sur-
veyed papers and found that community-proposed
directions predominantly fall into two themes (de-
tails in Appendix B). First, researchers frequently
call for scaling cultural and linguistic cover-
age to address data scarcity, often advocating for
richer, multimodal benchmarks (Wang et al., 2024a;
Maji et al., 2025a). Second, there is a strong
push to model cultural complexity more accu-
rately. Authors emphasize moving away from
static, monolithic labels by operationalizing culture
as a dynamic distribution (Havaldar et al., 2023a;
Ziems et al., 2023), incorporating intersectional
and fine-grained geographic variables beyond lan-
guage (Falk et al., 2024; Koto et al., 2024), and
developing evaluation frameworks explicitly ac-
counting for pluralism (Zhou et al., 2023; Miehling
et al., 2025).

7.2 Our Observations and Recommendations

In this section we discuss four broader patterns that
offer promising avenues for the community.

Prioritizing system improvements over addi-
tional dataset creation. Dataset creation sub-
stantially outpaces the development of methods
that directly improve CCs. This gap is especially
pronounced for Cultural Knowledge (>100 sur-
veyed dataset contributions), Cultural Safety and
Harm Reduction (>60), and Value-driven Cultural
Alignment (>50), each of which has fewer than 20
surveyed system improvement contributions. The
abundance of such datasets (Singh et al., 2025c;
Sahoo et al., 2025; Bui et al., 2025b; Shetty et al.,
2025) indicates that the community has built a ro-
bust foundation for measuring these capabilities.
We recommend that future efforts emphasize de-
veloping systems specifically designed to improve
performance on these existing datasets, as done by
(Ki et al., 2025; Wang et al., 2025b; Feng et al.,
2024a; Parappan and Henao, 2025).

Reusing existing data generation frameworks
for scalable data collection. When the creation

of new data is desired, we observe an opportunity
to reduce redundant effort. We identified several
sophisticated, generalizable Cultural Data Gener-
ation systems (Ziems et al., 2025; Caplan et al.,
2025). These frameworks are designed to produce
datasets dynamically by conditioning on target vari-
ables (e.g., country, language, or source collection).
However, we noticed limited follow-up reuse of
these pipelines. Leveraging these existing genera-
tive frameworks can accelerate research when spe-
cific cultural data is scarce, providing a scalable
alternative to curating datasets from scratch.

Developing specialized evaluation methods for
implicit cultural nuances. Our survey suggests
that measurement paradigms for different CCs are
evolving at different rates. We use the ratio of novel
Evaluation System papers to Dataset papers to ap-
proximate this focus: a higher ratio indicates active
development of bespoke measurement frameworks,
whereas a lower ratio implies a reliance on exist-
ing metrics. For example, capabilities involving
abstract constructs, such as Value-driven Cultural
Alignment (0.30) and Sociolinguistic Competence
(0.21), exhibit relatively high ratios. This suggests
that standard metrics often fall short for these
CCs, prompting researchers to build specialized
evaluators (Yao et al., 2024b; Shen et al., 2025;
Casola et al., 2024; Ying et al., 2025). Conversely,
capabilities like Multimodal Cultural Knowledge
(0.02) and Cultural Translation (0.11) show sig-
nificantly lower ratios, as they frequently rely on
established, reference-based metrics like BLEU
or ROUGE. While these standard metrics provide
valuable baselines, we encourage the continued de-
velopment of specialized evaluation methodologies
for these domains as well.

This opportunity is particularly visible in mul-
timodal work. Existing literature provides excel-
lent coverage of visually salient cultural artifacts,
such as food, clothing, and landmarks (Nayak
et al., 2024; Bhatia et al., 2024; Maji et al., 2025c).
Moving forward, the field is well-positioned to
tackle subtler, “below-the-iceberg” phenomena
(Hall, 1976) essential for real-world interaction,
such as conversational grounding, gestures, paralin-
guistic interpretation, and cross-dialect understand-
ing, e.g., (Sasu et al., 2025; Zhang et al., 2025h).

Evaluating and optimizing multiple CCs jointly.
Our taxonomy defines CC as a collection of distinct
competencies (§4.1), yet current research predomi-
nantly isolates them. Among surveyed papers con-
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tributing system improvements, 82% target exactly
one CC; for system evaluation, the figure is 94%.
While this focused scope is necessary for foun-
dational research, real-world deployments require
systems to juggle multiple CCs simultaneously.
Improvement on one CC does not inherently trans-
fer to another (Zhang et al., 2025d); a culturally
capable system deployed in the world may need to
retrieve accurate cultural facts, communicate appro-
priately, and adapt to pluralistic norms concurrently.
We encourage future work to report cross-CC trans-
fer and trade-offs, and to develop comprehensive
benchmarks that evaluate multiple CCs jointly.

8 CULTUREMINE: Community Resource

In this section we provide a brief overview of CUL-
TUREMINE, which contains all the papers we sur-
veyed, tagged with the dataset taxonomy and/or
the systems taxonomy and relevant CCs. Addi-
tionally, each paper is tagged for culturally relevant
metadata such as what proxy it used for culture (lan-
guage, country, other). When applicable, papers
are also tagged for the exact languages or regions
that they account for. All the papers can be queried
via drop-down filters, which makes it very easy for
researchers to find a collection of work that is rele-
vant for them! The top section of CULTUREMINE
has a dynamic visualization giving an overview of
papers and updates based on selected fields.

Additionally, we include a submission form that
researchers can fill out to add more papers. We
intend to keep the UI updated regularly, and hope
that it can be a true mine for cultural NLP!

9 Conclusion

We surveyed over 375 papers, provided an
overview of recent technical methods for improv-
ing the CCs of NLP systems, proposed taxonomies
to organize contributions and released our surveyed
papers, tagged with our taxonomies and other rich
metadata via CULTUREMINE. We hope this sur-
vey and CULTUREMINE will be a valuable re-
source for the cultural NLP community.

Limitations

Despite our effort to provide a comprehensive
overview of the cultural capabilities of NLP sys-
tems, several limitations remain.

Scope and Source Coverage. Our survey is not
exhaustive. Research on culture in NLP is dis-
tributed across multiple venues and related fields,

Figure 4: CULTUREMINE interface has dynamic visu-
alizations in the top section. The fields in the bottom,
which include our taxonomies for datasets and systems,
can be used as filters to find relevant papers. The filters
also include information such as cultural proxies used,
what cultures, and what languages!

making comprehensive coverage infeasible. We
therefore focus on papers that directly address our
central question: how cultural capabilities are tech-
nically represented, operationalized, or incorpo-
rated in NLP systems and research designs. For
the surveyed papers, we systematically collected
them from the ACL Anthology, which serves as the
primary repository. As a result, research published
outside the ACL Anthology may be underrepre-
sented in our survey.

Exclusion of NLP for Social Science. An impor-
tant related area not included in this survey is NLP
for social science. This line of research applies nat-
ural language processing methods to study social
phenomena such as cultural variation, social mean-
ing, and contextual interpretation in large-scale text
data. Such work provides valuable theoretical and
empirical perspectives for computational research
on culture. Establishing a more systematic connec-
tion between the NLP for social science literature
and culture-focused NLP research remains an im-
portant direction for future work.

Taxonomic Boundaries. The taxonomy pro-
posed in this survey is derived through a bottom-
up analysis of the papers we reviewed. It is not
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intended to be a complete theory of all possible
mechanisms for investigating cultural capabilities
in NLP. As the literature develops, additional di-
mensions and categories may emerge.

Interpretative Constraints. Our analysis is con-
strained by how culture is defined and described in
the surveyed papers. Cultural modeling choices are
often only partially formalized or embedded within
broader task or dataset design decisions. Conse-
quently, some categorization decisions require in-
terpretation.

Conceptual Proxy Limitations. Many studies
represent culture through proxies such as language,
geographic region, nationality, or demographic
group. These proxies capture different aspects of
culture and are not conceptually equivalent. Our
survey organizes the current technical design space,
but it does not resolve the underlying conceptual
challenges of modeling culture.

Ethical Considerations

Culture is complex, dynamic, and internally het-
erogeneous. However, computational studies of-
ten operationalize culture using simplified proxies
such as language, nationality, geographic region,
or demographic group. These proxies can be prac-
tically useful for empirical analysis, but they may
also reify culture as fixed or homogeneous, obscure
within-group diversity, and inadvertently reinforce
stereotypes or exclusions.

The goal of this survey is to organize and ana-
lyze the technical mechanisms through which prior
work incorporates culture into NLP systems. We
do not treat any particular operationalization of cul-
ture as definitive or exhaustive. Rather, we view
these operationalizations as modeling choices made
for specific empirical purposes. We therefore en-
courage future research to make these assumptions
explicit, carefully justify the cultural proxies used,
and evaluate the potential downstream risks associ-
ated with cultural generalization in NLP systems.
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A Detailed Literature Collection and
Annotation Methodology

A.1 Phase 1: Initial Seed Collection
We took a two-phased approach to collect relevant
literature, focusing on the past five years (includ-
ing all available papers from 2025) to capture the
modern landscape of Cultural NLP. The first phase
consisted of a manual search combined with an au-
tomated scrape of the ACL Anthology. We queried
for papers containing the words “culture” or “cul-
tural” in the title, alongside at least one other key-
word related to investigating or operationalizing
culture in NLP. This initial highly targeted search
resulted in a seed set of 180 papers.

A.2 Phase 2: Broad Scrape and
LLM-Assisted Filtering

To ensure comprehensive coverage, the second
phase involved a broader scrape of the ACL Anthol-
ogy for any paper containing “culture” or “cultural”

in either the title or abstract, returning 1,216 addi-
tional candidates. Given the volume, we employed
an LLM to assist in filtering the list down to a
highly relevant subset.

First, we prompted the LLM with a description
of our inclusion criteria along with the title and ab-
stract of each paper, retaining only those assigned
a high relevance score. Next, we prompted the
LLM with stricter inclusion guidelines, providing
it with potentially relevant full-text sections of each
candidate paper (e.g., Introduction, Dataset, Meth-
ods, Evaluation). To ensure we analyzed works
with thorough descriptions and evaluations of pro-
posed datasets or methods, we filtered out short
papers, considering only those longer than 6 pages.
This rigorous second phase yielded 277 additional
highly relevant papers.

A.3 Manual Annotation and Consensus
Strategy

The combined pool of candidate papers was man-
ually processed by annotators who are Computer
Science PhD students actively involved in NLP re-
search. Papers were annotated across three main
dimensions: (1) Cultural Capabilities addressed,
(2) dataset creation methodology, and (3) technical
system methods utilized. Throughout the annota-
tion process, we performed a manual filtering step
to discard papers that did not pose a novel contri-
bution in any of these three aspects. Specifically,
we removed works that solely evaluated existing
models on existing datasets, or papers utilizing
NLP tools for pure sociolinguistic or social sci-
ence analyses without proposing a technical sys-
tem or dataset improvement. This exclusion phase
removed 79 papers, leaving a final corpus of 378
papers to be read thoroughly and annotated.

To ensure high-quality and consistent annota-
tions, regular meetings were held between the
surveyors. During these meetings, precise def-
initions of the labels were discussed, disagree-
ments were resolved, and edge cases were evalu-
ated. We also conducted cross-validations on small
subsamples of papers to purposefully identify and
resolve points of contention. Once this iterative
process concluded and the taxonomy definitions
were firmly established, the team went back and
corrected all previously labeled papers to guaran-
tee strict consistency and adherence to the final
taxonomy across the entire 378-paper corpus.
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Figure 5: Frequency of future-work clusters in the papers

B Future Work Cluster Analysis

We analyze the Future Work sections recorded in
our annotated spreadsheet. The aggregated results
are summarized in Figure 5. We identify recurring
directions through a transparent and reproducible
clustering procedure. Because individual papers
often propose multiple extensions, clustering is
treated as a multi-label assignment problem. A
single future work entry can therefore belong to
multiple clusters.

B.1 Cluster schema
We define a small set of coarse themes that repeat-
edly appear across the surveyed corpus. Each clus-
ter represents a practical research direction rather
than a topical category. The clusters and their de-
scriptions are as follows:

• Expand languages and cultures: extending
coverage to additional languages, dialects, re-
gions, or cultural contexts.

• Dataset and benchmark expansion: col-
lecting new datasets, enlarging benchmarks,
adding annotations, or improving dataset cu-
ration and documentation.

• Modeling and adaptation methods: develop-
ing improved modeling, training, fine-tuning,
alignment, transfer, retrieval, or adaptation ap-
proaches that explicitly address cultural phe-
nomena.

• Bias, fairness, ethics, and harm mitigation:
measuring or mitigating culturally shaped
bias, stereotyping, toxicity, or other harmful
outputs.

• Evaluation and metrics: proposing stronger
evaluation metrics, human evaluation proto-
cols, robustness checks, or generalization tests
for cultural capabilities.

• Multimodal or interactive settings: extend-
ing cultural modeling to speech, audio, vision,
dialogue systems, or other interactive environ-
ments.

• Temporal dynamics: modeling culture as a
time-varying process, including updates, drift,
or longitudinal change.

• Theory, definitions, and causal framing:
clarifying conceptual definitions of culture or
proposing causal or mechanistic interpreta-
tions of cultural variables.

• Governance and participatory approaches:
incorporating community participation, con-
sent mechanisms, stewardship practices, or
governance frameworks.

• Downstream deployment: evaluating inte-
gration into real-world systems and conduct-
ing deployment-oriented validation.
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B.2 Assignment procedure

Cluster assignments are produced using a
dictionary-based matching procedure. For each
cluster, we construct a small set of indicative
surface forms, such as “multilingual”, “dialect”,
“benchmark”, “annotation”, “robustness”, “toxic-
ity”, “speech”, or “drift”. A cluster is marked as
present when any of its indicative patterns appear
in the corresponding future work text using case-
insensitive matching. This design prioritizes inter-
pretability and reproducibility: cluster definitions
are explicit, and assignments can be verified by
inspecting the matched expressions. The clustering
procedure is intentionally lightweight and surface
form-driven. It may undercount papers that de-
scribe a direction using uncommon phrasing, and it
does not disambiguate cases where a keyword ap-
pears with a different meaning. We therefore treat
the clusters as a descriptive summary of recurring
future work themes rather than as an exhaustive
taxonomy.

C Analysis of Methods used for CCs

C.1 Methods across cultural capabilities

Figure 6 presents a 3× 3 grid of stacked bar charts
comparing method families across cultural capa-
bilities. Each subplot corresponds to one cultural
capability. The x-axis lists methodological fami-
lies, while the y-axis reports the number of contri-
butions. Each bar is partitioned into segments rep-
resenting four contribution types: System Contribu-
tion, Model Evaluation, Data Generation, and Sys-
tem Improvement. Overall, Cultural Knowledge
and Value-driven Cultural Alignment contain the
largest number of contributions, whereas Cultural
Education, Survey-based Cultural Alignment, and
Multimodal Cultural Knowledge appear relatively
sparse. Across cultural capabilities, prompting-
based methods are the most frequently used ap-
proach, with training-based methods and lexica,
embeddings, or other classical NLP techniques
also appearing regularly. Some cultural capabil-
ities display clearer methodological specialization.
Cultural Computational Representation relies more
heavily on classical NLP-style approaches, while
Cultural Translation more often adopts agent-based
and prompting-based strategies.

A key observation is that cultural NLP research
is methodologically heterogeneous. Different tasks
tend to attract different technical approaches rather
than converging on a single dominant paradigm.

Current work is largely centered on prompting and
training-based techniques, particularly for tasks in-
volving cultural knowledge, value alignment, and
safety, reflecting the broader influence of large lan-
guage models in recent NLP research. In contrast,
tasks related to cultural representation and sociolin-
guistic competence maintain stronger connections
to earlier NLP traditions. The figure also highlights
several relatively underexplored areas, including
cultural education, multimodal cultural reasoning,
and mechanistic interpretability, indicating opportu-
nities for future work to expand both task coverage
and methodological diversity.

C.2 Cultural capabilities across methods
Figure 7 presents the distribution of cultural capa-
bilities across method families using a 2×3 grid of
bar charts. Each subplot corresponds to a method
family, and the horizontal axis lists cultural capabil-
ities, while the vertical axis reports the number of
contributions. The six method families are retrieval
and multimodel approaches, human-in-the-loop
methods, lexica, embeddings, classical NLP tech-
niques, multimodal approaches, prompting-based
methods, and training-based methods. Across
methods, prompting-based approaches exhibit the
largest overall volume and cover the widest range
of cultural capabilities, followed by training-based
methods and lexica, embeddings, and classical
NLP techniques. In contrast, human-in-the-loop
and multimodal approaches account for substan-
tially fewer contributions and are concentrated in
a limited set of cultural capabilities. At the capa-
bility level, cultural knowledge, value-driven cul-
tural alignment, sociolinguistic competence, and
cultural computational representation appear re-
peatedly across multiple method families. Cultural
education and survey-based cultural alignment re-
main comparatively limited. The stacked bar seg-
ments indicate that many methods support multiple
contribution types, including system contribution,
model evaluation, data generation, and system im-
provement, rather than focusing on a single contri-
bution category.

The figure further suggests that the field is struc-
tured around a small set of widely reusable tech-
nical paradigms, particularly prompting-based and
training-based approaches, which support a broad
range of cultural capabilities. This pattern indi-
cates that much of cultural NLP research adapts
general-purpose large language model techniques
to culture-related problems rather than develop-
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ing highly task-specific architectures. At the same
time, method families differ in flexibility. Lex-
ica, embeddings, and classical NLP techniques re-
main particularly relevant for representational and
sociolinguistic analysis, whereas multimodal and
human-in-the-loop approaches appear more spe-
cialized and comparatively underexplored. Over-
all, the distribution indicates that research diversity
varies not only across cultural capabilities but also
across technical methods, with several approaches
functioning as central methodological hubs while
others remain peripheral.

C.3 Cultural Capabilities Across Dataset
Creation Methods

Figure 8 presents an UpSet-style visualization of
dataset creation method combinations, stacked
by cultural capability. The bottom matrix indi-
cates which dataset creation ingredients appear in
each combination pattern. These ingredients in-
clude Cultural Experts or Native Speakers, Cul-
ture Knowledge Source, Synthetic Generation,
Web Data, Expert Annotation, Translation, Crowd-
sourced Annotation, Common Language Data, Cul-
tural and Social Science Theories, and Culture
Value Surveys. The bars above the matrix report
the frequency of each ingredient combination, with
segments colored by cultural capability category.
The bars on the left indicate the marginal frequency
of individual ingredients. Cultural Experts or Na-
tive Speakers, Culture Knowledge Source, Syn-
thetic Generation, and Web Data appear most fre-
quently, while Cultural and Social Science The-
ories and Culture Value Surveys occur relatively
rarely. At the combination level, the most frequent
patterns reach approximately the high teens, while
many other combinations appear only four to six
times. Across these combinations, Cultural Knowl-
edge contributes the largest share in many of the
most common patterns, while Value-driven Cul-
tural Alignment, Sociolinguistic Competence, and
Cultural Translation also appear across multiple
combinations.

Figure 9 shows a heap map of dataset creation
method vs CCs. A key observation is that dataset
creation for cultural natural language processing is
typically compositional rather than based on a sin-
gle source. Many studies construct datasets by com-
bining several ingredients, most commonly human
expertise from native speakers, external cultural
knowledge resources, synthetic data generation,
and web-collected data. This indicates that cultural

information is rarely operationalized through a sin-
gle data pipeline. Instead, researchers assemble
datasets by integrating human knowledge, struc-
tured cultural resources, and scalable generation
strategies. The figure also reveals an imbalance
in the maturity of different cultural data construc-
tion approaches. High-frequency combinations
are dominated by Cultural Knowledge-oriented
pipelines, suggesting that dataset development has
progressed most strongly for knowledge-centered
tasks. In contrast, theoretically grounded sources
such as cultural value surveys and cultural or social
science theories remain uncommon. Overall, the
distribution of combinations suggests that current
practice prioritizes pragmatic and scalable data con-
struction strategies, while theoretically grounded
but less reusable approaches remain underexplored.

D CULTUREMINE

We accompany our survey with a web-interface,
called CULTUREMINE, in the hope that it will
facilitate research in cultural NLP. CULTUREM-
INE allows users to filter papers according to our
taxonomy, as well as by the cultural groups they
study. For example, if a user is interested in Cul-
tural Safety and Harm Reduction in Korean, they
can easily apply filters (shown in Figures 10 and
11) to find relevant papers (shown in Figure 12)
and click on a paper’s title to read it. In addition
to providing direct, easy access to papers, CUL-
TUREMINE provides dynamic bar charts at the top
of the page, showing the most common Cultural Ca-
pabilities, System Methods, and Dataset Creation
Methods used in the set of papers that satisfy the ac-
tive set of filters. It also includes similar charts for
the cultural proxies used, languages studied, and
regions or countries studied (shown in Figure 13).
To keep up with the fast-pace of research in cultural
NLP, CULTUREMINE includes a link to a Google
Form that allows anyone to submit an annotation
for a paper that is not currently covered. Submit-
ted annotations will be reviewed and/or modified
manually before being added to ensure that all an-
notations displayed are of high-quality.

E Cultural Proxies and Groups

We perform a brief analysis of the cultures stud-
ied by the papers included in our survey. Figure
14 breaks down the types of cultural proxies used.
72.8% use language as the main proxy for culture,
22.2% use a geographic proxy (Country or Geo-
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Figure 6: Method distribution across cultural capabilities

graphic Region), and only 5% use some other proxy.
As discussed in (Zhou et al., 2025c), these com-
monly used proxies for culture can be problematic
as the groups within them are often composed of
multiple cultures. We further analyze the specific
cultural groups included in papers that consider at
most 10 different groups (235 using language and
50 using geography). Of the papers that use lan-
guage, there is a very long tail distribution; over
half include English and around a third include Chi-
nese, with all but 9 languages—out of 113—being
covered less than 20 times (Figure 15). We see a
similar trend across 79 total geographic proxies,
with around half including US and India, around a
third including China, and all but 9 groups covered
5 or fewer times (Figure 16).

F List of Surveyed Papers

For compact presentation, we abbreviate cultural
capability categories using acronyms in the follow-
ing table ?? of surveyed papers. Specifically, CT
= Cultural Translation; SCA = Survey-based Cul-
tural Alignment; VCA = Value-driven Cultural
Alignment; CK = Cultural Knowledge; MCK =
Multimodal Cultural Knowledge; SC = Sociolin-

guistic Competence; CSHR = Cultural Safety and
Harm Reduction; CE = Cultural Education; and
CCR = Cultural Computational Representation.
These abbreviations are used only for table pre-
sentation and correspond directly to the capability
categories described in the main text.
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Figure 7: Cultural capability distribution across methods
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Figure 10: Cultural Capabilities Filter in CULTUREM-
INE

Figure 11: Cultural Groups Filter in CULTUREMINE
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Figure 12: Filtered Paper List in CULTUREMINE

Figure 13: Screenshot of the Plots in CULTUREMINE
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Figure 14: Pie Chart of Cultural Proxies Used
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Figure 15: Bar Chart of the Frequencies of the 10 Most Commonly Studied Languages
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Figure 16: Bar Chart of the Frequencies of the 10 Most Commonly Studied Geographic
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Paper Culture capability
Wang et al. (2024a) CK, CT, VCA
Singh et al. (2025c) CK, VCA
Khanuja et al. (2020) SC
Joshi et al. (2025) CSHR
Nguyen et al. (2024a) CCR, SC
Tao et al. (2024) SCA
Nayak et al. (2024) MCK
Xu et al. (2024) VCA, CCR
Arora et al. (2023) VCA, CCR
Cao et al. (2023) SCA
Conia et al. (2024) CT
Sun et al. (2021) SC
AlKhamissi et al. (2024) SCA
Masoud et al. (2025) SCA
Jinnai (2024) SC
Xu et al. (2025a) SCA
Ki et al. (2025) VCA
Sun et al. (2024) CK
Havaldar et al. (2023b) VCA
Ahmad et al. (2024) VCA
Bui et al. (2025b) CSHR
Bhatia et al. (2024) MCK
Hale et al. (2025) VCA, SC
Cecilia Liu et al. (2024) CK, SC
Schneider and Sitaram (2024) MCK
Cahyawijaya et al. (2025b) MCK
Tay et al. (2020) SCA
Zheng et al. (2022) VCA
Mohamed et al. (2022) MCK
Anegundi et al. (2022) CSHR, CCR
Jha et al. (2023) CSHR, CCR
Akinade et al. (2023) CT
Das et al. (2023) CSHR
Bauer et al. (2023) VCA
Mukherjee et al. (2023) CSHR
Shaikh et al. (2023) SC
Palta and Rudinger (2023) CK
Hu et al. (2023) VCA
Choenni et al. (2024) CCR
Naous et al. (2024) VCA
Urailertprasert et al. (2024) MCK
Prieto et al. (2024) CT
Wang et al. (2024f) VCA
Zhou et al. (2024) VCA
Hu et al. (2024) CT
Khanuja et al. (2024) MCK
Wuraola et al. (2024) SC
Li et al. (2024e) MCK
Putri et al. (2024) CK
Mohamed et al. (2024) MCK
Giuliani et al. (2024) CK
Li et al. (2024d) VCA
Cao et al. (2024) VCA
Zhan et al. (2024) VCA, SC
Hsieh et al. (2024) CSHR
White et al. (2024) SC
Yao et al. (2024a) CT
Bhatt and Diaz (2024) VCA

Table continues

Paper Culture capability
Cadotte et al. (2024) CT
Kim et al. (2024a) CK
Eo et al. (2024) CSHR, VCA
Zhao et al. (2024a) SCA, CK
Fort et al. (2024) CSHR
Havaldar et al. (2024) VCA
Lee et al. (2024b) CSHR
Abdelkadir et al. (2024) SC
Wang et al. (2024d) CK
Haberland et al. (2024) CT
Tonneau et al. (2024) CSHR
Yakhni and Chehab (2025) CT
Arora et al. (2025) CK
Belay et al. (2025) CK
Park et al. (2025a) MCK
Chiu et al. (2025) CK
Yang et al. (2025b) SC
Havaldar et al. (2025) CT
Wu et al. (2025) CK
Zhang et al. (2025a) CK
Kim and Kim (2025) CSHR, CK
Ignat et al. (2025) SC
Park et al. (2025b) CSHR
Rai et al. (2025a) SC
Kim et al. (2025b) CSHR
Kim et al. (2025a) VCA
Mousi et al. (2025) CK, SC
Pandey et al. (2025) CSHR
Cheng et al. (2025) CK
Umbet et al. (2025) CK
Qiu et al. (2025) VCA
Bhatia et al. (2025) CCR
Yadav et al. (2025) SCA
Vasilev et al. (2025) MCK
Li et al. (2025) VCA, CK
Maji et al. (2025a) CK
Singh et al. (2025a) CT
Schneider et al. (2025) CK, MCK
Hasan et al. (2025) CK
Kim and Lee (2025) CK
Zhang et al. (2025f) MCK
Ghaboura et al. (2025) MCK
Reshetnikov and Marinescu (2025) MCK
Anik et al. (2025) CT
Onohara et al. (2025) CK, MCK
Seveso et al. (2025) CK
Bai et al. (2025) CK
Winata et al. (2025) MCK
Naous and Xu (2025) CK
Saha et al. (2025) SC
Berger and Ponti (2025) MCK
Jeong et al. (2025) MCK
Arnardóttir et al. (2025) CK
Ventura et al. (2025) CK, MCK
Paniv et al. (2025) MCK
Ringel et al. (2019) SC
Lin et al. (2018) SC
Gutiérrez et al. (2016) VCA, SC

Table continues
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Paper Culture capability
Sheng et al. (2016) MCK
Wilson et al. (2016) SC, VCA
Friedman et al. (2019) CSHR, CCR
Maji et al. (2025b) MCK
Cuevas et al. (2025) CSHR
Sahoo et al. (2025) CK
Satar et al. (2025) MCK
Zhang et al. (2025d) CK, VCA
Limkonchotiwat et al. (2025) CK
Cao et al. (2025) SCA
Jiang et al. (2025) SCA
Ramezani and Xu (2023) VCA
Cahyawijaya et al. (2025a) CCR
Yin et al. (2024) CSHR
Li et al. (2024c) CE, CSHR, VCA
Ziems et al. (2025) VCA, CK
Epure et al. (2020) CCR
Hahm et al. (2020) SC
Yin et al. (2021) MCK
Milbauer et al. (2021) CCR
Liu et al. (2021) MCK
Ghosh et al. (2021) CSHR
Kiesel et al. (2022) SCA, VCA
Kim et al. (2022) CK
Yin et al. (2022) CK
Thai et al. (2022) CT
Jeong et al. (2022) CSHR
Maronikolakis et al. (2022) CSHR
Nadejde et al. (2022) CT, SC
Sharma et al. (2022) CSHR
Srinivasan and Choi (2022) CSHR
Herrera et al. (2022) SC
Chandran Nair et al. (2022) CCR
Mortensen et al. (2022) CCR
Deshpande et al. (2022) CSHR
Ziems et al. (2023) CCR
Lee et al. (2023) CSHR
Alshahrani et al. (2023) CCR
Li and Zhang (2023) MCK
CH-Wang et al. (2023) CCR
Havaldar et al. (2023a) CCR
Lahoti et al. (2023) CK, VCA
Koto et al. (2023) CK
Fung et al. (2023) CCR
Keleg and Magdy (2023) CCR
Kabra et al. (2023) CK
Huang and Yang (2023) CCR
Zhou et al. (2023) CSHR
Bang et al. (2023) VCA, CSHR
Wang et al. (2024c) SCA
Zhang et al. (2024a) CCR
Alwajih et al. (2024) MCK
Chen et al. (2024) CT
Casola et al. (2024) CSHR, SC
Nguyen et al. (2024b) CT, CSHR
Falk et al. (2024) CCR
Zhao et al. (2024b) CT
Pham et al. (2024) CCR

Table continues

Paper Culture capability
Feng et al. (2024a) CK
Feng et al. (2024b) SCA, VCA, CCR
Lovenia et al. (2024) CT, CK, MCK, SC,

CSHR, VCA
Watts et al. (2024) CK
Acquaye et al. (2024) CK
Aakanksha et al. (2024) CSHR
Hobson et al. (2024) VCA
Davani et al. (2024) CSHR
Dammu et al. (2024) CSHR, SC
Deas et al. (2024) CCR
Wu et al. (2024) CT
Yuan et al. (2024) CK
Javed et al. (2024) CCR
Lee et al. (2024a) CK, SCA
Yu et al. (2024) CK, VCA
Li et al. (2024f) CK
Alyafeai et al. (2024) CK
Kim et al. (2024b) VCA
Wei et al. (2024) CK
Plaza-del Arco et al. (2024) CCR
Liu et al. (2024a) VCA
Shi et al. (2024) CK, CCR
Yüksel et al. (2024) CK
Masala et al. (2024) CK
Huang and Xiong (2024) CSHR
Ullah et al. (2024) CSHR
Seth et al. (2024) CK
Agarwal et al. (2024) VCA
Tonja et al. (2024) CSHR, CT
Yarlott et al. (2024) CK
Son et al. (2024) CK
Benkler et al. (2024) VCA
Grigoreva et al. (2024) CSHR
Maronikolakis et al. (2024) CSHR
Lou et al. (2024) CT
Prabhakaran et al. (2024) CSHR
España-Bonet and Barrón-Cedeño
(2024)

CCR

Shen et al. (2024) CK
Wang et al. (2024e) CK
Mukherjee et al. (2024) CK
Huang et al. (2024) CK, VCA
Yao et al. (2024b) VCA
Acharya et al. (2024) CK
Liu et al. (2024b) SC, CE
Piccirilli et al. (2024) SC
Koto et al. (2024) CK
Romanyshyn et al. (2024) CK
Kiulian et al. (2024) CK
España-Bonet et al. (2024) CCR
Li et al. (2024a) CCR, SC
Zhang et al. (2024b) CT
Anastasi et al. (2024) CSHR
Ng et al. (2024) CSHR
Liu et al. (2025b) VCA
Kumar and Jurgens (2025) VCA
Sadallah et al. (2025) CK

Table continues
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Paper Culture capability
Fang et al. (2025) CK
Yu et al. (2025) SC
Liu et al. (2025e) MCK, CK
Zhang et al. (2025b) MCK
Togmanov et al. (2025) CK
Yari and Koto (2025) CK
Bui et al. (2025a) CK
Menis Mastromichalakis et al.
(2025)

CSHR

Ying et al. (2025) CK, SC
Feng et al. (2025) CK
Isbarov et al. (2025) VCA, CK
Shetty et al. (2025) VCA
Zeng et al. (2025) VCA, CK
Yerukola et al. (2025) CSHR
Karamolegkou et al. (2025) MCK
Bhatt et al. (2025) SC
Farhansyah et al. (2025) SC, CT
Liang et al. (2025) CT
Chen et al. (2025d) MCK
Nawale et al. (2025) CSHR
Bayramli et al. (2025) MCK
Montalan et al. (2025) CK, CSHR
Grandury et al. (2025) VCA, CK
Alwajih et al. (2025a) CK, SC
Olaleye et al. (2025) SC
Ishita and Mamidi (2025) CT
Alhassoun et al. (2025) CK, VCA
Bouamor et al. (2025) SC
Alwajih et al. (2025b) CK
Krsteski et al. (2025) VCA
Kim and Johnson (2025) CSHR
Pokharel and Agrawal (2025) SC
Altammami (2025) CT
Yang et al. (2025a) CT
Shiono et al. (2025) MCK
Kabir et al. (2025) SCA
Rooein et al. (2025) CSHR, CCR
Maji et al. (2025c) MCK
Xuan et al. (2025) SC
Sadr et al. (2025) VCA
Fu et al. (2025) CK
Shen et al. (2025) VCA
Wang et al. (2025b) CK, VCA
Azmi et al. (2025) CSHR
El Mekki et al. (2025) CT, VCA, CK
Hu et al. (2025) CSHR
Ramezani and Xu (2025) CK
Tanwar et al. (2025) CK
Singh et al. (2025b) CK, MCK
Hashmat et al. (2025) CSHR
Liu et al. (2025d) SC
Xie et al. (2025) CK
Yamamoto et al. (2025) CSHR
Aji and Cohn (2025) CK, CT
Mia et al. (2025) MCK, CSHR
Chen et al. (2025c) CK
Liu et al. (2025c) SCA
Xu et al. (2025c) MCK

Table continues

Paper Culture capability
Mukherjee et al. (2025) VCA
Zhang et al. (2025c) MCK
Shafique et al. (2025) MCK
Al Ghallabi et al. (2025) CK
Parappan and Henao (2025) CSHR
Lavrouk et al. (2025) MCK, CK
Calvo-Bartolomé et al. (2025) CK
Chen et al. (2025b) CT
Seweryn et al. (2025) CK, CSHR, VCA
Ma et al. (2025a) CSHR
Nyandwi et al. (2025) MCK
Dai et al. (2025) SCA
Zhou et al. (2025b) MCK
Yang et al. (2025c) CSHR
Mitran et al. (2025) SCA
Roh et al. (2025) CK
Zhang et al. (2025e) CT
Sitaram et al. (2025) CSHR
Zhong et al. (2025) VCA
Nimo et al. (2025) CK, CSHR
Guo et al. (2025) CK
Vasselli et al. (2025) SC, CT
Pramodya et al. (2025) CK
Chen et al. (2025a) CT
Hong et al. (2025) SC, VCA
Hsieh et al. (2025) MCK
R et al. (2025) SC
Hosseinbeigi et al. (2025a) CK
Korre et al. (2025) CSHR
Saffari et al. (2025) VCA, CSHR
Tapo et al. (2025b) CE
Wang et al. (2025a) CT
Lan et al. (2025) CSHR
Dwivedi et al. (2025) VCA
Sasu et al. (2025) SC
Susanto et al. (2025) CK, VCA, SC
Tsutsumi and Jinnai (2025) CK
Hosseinbeigi et al. (2025b) VCA, CK, CT
He et al. (2025) CK
Das et al. (2025) MCK, CSHR
Nahin et al. (2025) CK
Bi et al. (2025) MCK
Zou et al. (2025) CT
Wang et al. (2025c) CCR, CK
Tan et al. (2025) CT
Zhang et al. (2025h) SC
Mor-Lan et al. (2025) CCR
Mubarak et al. (2025) CSHR
Zhang et al. (2025g) CK
Chae et al. (2025) CK, VCA, CSHR
Ma et al. (2025b) SC
Trager et al. (2025) CSHR
Gupta et al. (2025) SC
Dey et al. (2025) SCA
Nayak et al. (2025) MCK
Villa-Cueva et al. (2025) CT
Wibowo et al. (2024) CK
Alwajih et al. (2025c) MCK
Zhao et al. (2025) CK

Table continues
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Paper Culture capability
Malik et al. (2025) SC, VCA
Caplan et al. (2025) SC
Mohammadi et al. (2025) SCA
Bennie et al. (2025) CSHR
Rachamalla et al. (2025) CK, CSHR, SC
Liao et al. (2025) CT
Pujari and Goldwasser (2025) VCA, CCR
Muhammad et al. (2025) CSHR
Madhusudan et al. (2025) CCR
Leteno et al. (2025) VCA
Son et al. (2025) CK
Ashraf et al. (2025) CSHR
Khanuja et al. (2025) MCK
Banerjee et al. (2025) CSHR
Miehling et al. (2025) VCA
Nikandrou et al. (2025) MCK
Pham et al. (2025) VCA, CSHR
Zhou et al. (2025a) CK
Verma et al. (2025) CK
Rai et al. (2025b) VCA
Mitchell et al. (2025) CSHR
Tapo et al. (2025a) CT
Magdy et al. (2025) CK
Moosavi Monazzah et al. (2025) CK
AbuHaija et al. (2025) CCR
Völker et al. (2025) CT
Conia et al. (2025) CT
Park et al. (2025c) VCA
Srirag et al. (2025) SC
Sahoo et al. (2024) CSHR
Özbal et al. (2016) VCA, SC
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