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ABSTRACT

Computational Social Science (CSS) increasingly engages in critical discus-
sions about bias in and through computational methods. Two developments
drive this shift: first, the recognition of bias as a societal problem, as flawed
CSS methods in socio-technical systems can perpetuate structural inequal-
ities; and second, the field's growing methodological resources, which create
not only the opportunity but also the responsibility to confront bias. In this
editorial to our Special Issue on CSS and bias, we introduce the contributions
and outline a research agenda. In defining bias, we emphasize the impor-
tance of embracing epistemological pluralism while balancing the need for
standardization with methodological diversity. Detecting bias requires stron-
ger integration of bias detection into validation procedures and the estab-
lishment of shared metrics and thresholds across studies. Finally, addressing
bias involves adapting established and emerging error-correction strategies
from social science traditions to CSS, as well as leveraging bias as an analy-
tical resource for revealing structural inequalities in society. Moving forward,
progress in defining, detecting, and addressing bias will require both bot-
tom-up engagement by researchers and top-down institutional support. This
Special Issue positions bias as a central theme in CSS - one that the field now
has both the tools and the obligation to address.

In its early stages, Computational Social Science (CSS) was accompanied by bold claims about its
potential, with some scholars predicting “an entirely new scientific approach for social analysis”
(Conte et al., 2012, p. 327). Margolin noted that many social scientists regarded this as an “opening
salvo” (2019, p. 232), which positioned CSS as a potential rival to established methodologies. Critics
were quick to challenge such sweeping promises of “computational means to know everything (I), of
anything (II), free from bias (III), with a high degree of certainty (IV)” (Rieder & Simon, 2017, p. 91).
For example, boyd and Crawford argued that just because CSS can quantify social phenomena, it “does
not necessarily have a closer claim on objective truth” (2012, p. 667), with critical voices having only
grown louder in recent years (Shugars, 2024). In parallel, scholars empirically challenged claims that
CSS data and methods would necessarily serve as a new, unbiased gold standard (Jiirgens et al., 2020).

More than a decade later, CSS has transitioned from an emerging to an established approach,
enriching rather than displacing existing methodologies (Van Atteveldt & Peng, 2018). This maturing
process has brought critical voices more into the mainstream and underscored an important recogni-
tion: CSS is by no means free of bias. In line with this, previous Special Issues on CSS have touched on
bias (Van Atteveldt & Peng, 2018), for example, in relation to digital traces (Conrad et al., 2021;
Loecherbach & Otto, 2024), their integration with surveys (Stier et al., 2020), or LLMs (Davidson &
Karell, 2025). More recently, Weif3 et al. (2025) have more explicitly discussed the issue of often
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insufficient data quality in digital traces. Against this backdrop of numerous Special Issues devoted to
computational methods, one might reasonably ask: Why devote another to bias in CSS?

A critical view: bias in and through computational methods

We argue that attending to bias as a central concern rather than as a secondary theme is essential, and
for multiple reasons. Like other disciplines, CSS is embedded in social contexts marked by structural
inequalities, to which it is not immune. These include the predominance of Western voices in shaping
knowledge production (Yi & Zhang, 2023), persistent gender disparities in access to computational
methods (Van Der Velden & Dolinsky, 2024), and the often criticized narrowness of research agendas
(Waldherr et al., 2025) - all of which risk perpetuating bias within the field. Second, CSS draws upon
a diverse set of disciplinary traditions. Each community brings with it its own epistemological
orientations and methodological standards (Theocharis & Jungherr, 2021), shaping competing under-
standings of what constitutes bias and how it ought to be handled. This heterogeneity is magnified by
the field’s reliance on new data (e.g., digital traces) and methods (e.g., text-as-data), which partly
demand new methods for detecting bias to ensure methodological rigor. Found data and black-box
methods developed by large technology firms, in particular, further limit the extent to which
researchers control samples and measures. Finally, because CSS increasingly underpins socio-
technical systems that shape everyday life, its bias can produce harmful effects beyond academia
(Wagner et al., 2021). Examples include the silencing of marginalized voices through algorithmic
content moderation (Sap et al., 2019) or racially biased health outcomes produced by medical
algorithms (Obermeyer et al., 2019). In these contexts, CSS too often projects an illusion of objectivity
while obscuring its tangible real-world consequences. Recognizing and confronting bias, then, is not
only a methodological imperative but also an ethical one. In short, we should be concerned about bias
in CSS.

Being constructive: why now is the best possible time to confront bias in CSS

At the same time, this is an excellent moment to address bias in CSS. As the field matures, it has
accumulated more resources than ever to tackle this challenge. Among these is a growing embrace-
ment of epistemological pluralism (Kitchin, 2014; Shugars, 2024), which provides a foundation for
defining bias in CSS from different vantage points. Simultaneously, the “palpable need for developing
proper guidelines and standards” (Waldherr et al., 2025, p. 14) has been met with methodological
guidelines for CSS (Carriére et al., 2025), different validation methods (Bernhard-Harrer et al., 2025;
Birkenmaier, Lechner, et al., 2024), and research infrastructures (Balluff et al., 2023). At the very least,
this illustrates the field’s growing capacity to confront bias based on a set of different, yet equally
valued methods: whether inherited from non-computational traditions (e.g., surveys, content analysis)
or those developed further within CSS (e.g., digital traces, text-as-data, machine learning).

Growing concerns about bias in CSS, combined with the resources now available to confront it,
place a new responsibility on the field. Having recognized the problem of bias and developed the
means to tackle it, we can no longer rest on criticizing where CSS falls short of its initial promises. The
task ahead is to transform critique into constructive contribution. For communication research, this
entails not only defining and detecting bias but actively shaping the methods by which it can be
mitigated. We see this Special Issue as a forum for such critical yet constructive engagement with CSS
and bias. Alongside introducing the contributions featured in this Special Issue, we provide readers
with an overview of scholarship on bias and sketch directions for a future research agenda.

Defining bias in CSS

A central question when discussing bias in CSS is whether we are all, in fact, referring to the same
phenomenon. Definitions not only diverge across disciplines - such as the social sciences
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(Hammersley & Gomm, 1997) and technical fields (Blodgett et al., 2020) — but also within them. From
a measurement perspective, bias refers to a systematic difference between the true value of a quantity
for a population and how a study observes it. From a social perspective, bias is framed in terms of
outcomes, namely as the systematic, unjust treatment of individuals or groups due to flawed CSS
methods (Ntoutsi et al., 2020). Both perspectives are interrelated (Boelaert et al., 2025): Statistical bias
can feed directly into unfair social outcomes. At the same time, they invoke different quality criteria:
bias as a threat to validity in scientific research or as a threat to fairness in society. This becomes
evident when discussing examples of bias in and through CSS: Machine-learning classifiers, for
example, may misclassify and flag minority-group speech as hate speech (TeBlunthuis et al., 2024),
particularly when training data fails to adequately represent specific groups (Sap et al., 2019). As
a result, minority-group content may more likely be removed on digital platforms and, thus, statistical
bias may cascade into social bias. Similarly, text-as-data approaches and computer vision methods
often misclassify or ignore non-binary genders (Siemon, 2025). This undermines both scientific
accuracy and social equity, with flawed algorithms disadvantaging individuals in contexts such as
online job searches based on their gender (Shekhawat et al., 2019). In many ways, such differences —
for example, with respect to validity or fairness as relevant quality criteria for evaluating concerns
about bias — parallel established debates outside CSS, such as those between quantitative and
qualitative traditions. We argue that grappling with ambiguity in definitions requires two things: (1)
embracing epistemological pluralism and (2) balancing the need for standardization and methodolo-
gical pluralism.

Embracing epistemological pluralism in CSS

Difficulty in defining bias arises from epistemological pluralism within CSS (Kitchin, 2014). Although
epistemological debates on bias are hardly new (Hammersley & Gomm, 1997), they are amplified in
CSS (Shugars, 2024). Methodologies inevitably rest on epistemological assumptions about what counts
as valid knowledge, and those assumptions differ across traditions. As a field where the social sciences
and technical fields intersect, CSS embodies the tension between divergent traditions. Communication
scholars, for example, often operate within (post-)positivist epistemologies (Walter et al., 2018),
relying on empirical data while acknowledging its imperfections. Technical sciences, by contrast,
have partly favored empiricist approaches that assume data speaks for itself (Orlikowski & Baroudi,
1991). When considering how CSS can accurately represent reality, this pluralism also forces CSS
scholars to grapple with ontological questions. Consider the use of CSS to study latent constructs like
racism (Kathirgamalingam et al., 2025): perspectives on racism - and whether CSS can measure this -
may differ profoundly depending on participants’ lived experiences. As such, researchers must ask
themselves: Is there a single truth that researchers can uncover, with bias as deviation that is to be
corrected? Or are there multiple truths, shaped by the perspectives of those who produce them, with
bias reflecting structural inequalities that ought to be understood rather than eliminated (Shugars,
2024)?

Fortunately, CSS scholars have not only scrutinized epistemological tensions but also advanced
related conceptual work, in line with what we consider a constructive approach. This includes efforts
to anchor CSS in critical traditions (Shugars, 2024; Siemon, 2025; Térnberg & Uitermark, 2021),
synthesizing interpretivist approaches with large-scale approaches (Nelson, 2020), and re-
conceptualizing gold standards that integrate multiple perspectives (Baden et al., 2023; Cabitza
et al., 2023). Such conceptual work extends to more agnostic approaches: favoring the relative, goal-
dependent validity of methods instead of assuming a single true underlying data-generating process
a single method can accurately capture (Bernhard-Harrer et al., 2025; Grimmer et al., 2021), some-
thing similarly described as “fitness for purpose” (Weif3 et al., 2025, p. 934). The challenge ahead will
be to integrate such debates more strongly across disciplinary silos. Epistemological diversity has long
coexisted alongside dominant paradigms in both the social sciences (Walter et al., 2018) and technical
disciplines (Eden, 2007), with critical voices becoming especially prominent in the latter (Bender et al.,
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2021). We therefore believe that CSS is well-positioned to embrace such pluralism even more explicitly
in the future.

Balancing standardization and methodological pluralism

Another challenge in defining bias stems from the tension between demands for standardization and
the reality of methodological pluralism. On the one hand, establishing common standards, including
terminologies for quality criteria and bias, is seen as essential to consolidating CSS (Waldherr et al.,
2025) and avoiding a “fragmentation” (Birkenmaier, Daikeler, et al., 2024, p. 5) of the field. On the
other hand, CSS thrives precisely because it develops multiple, sometimes competing approaches to
similar problems. For instance, the collection of digital traces can be pursued through APIs, tracking,
or data donation. Similarly, text-as-data methods include dictionaries, supervised machine learning,
and few-shot classification. However, this methodological pluralism within and across methods
challenges shared standards. Because different CSS methods are, for example, linked to distinct
forms of bias, it is difficult - and sometimes unhelpful - to impose overarching terminologies.

By taking shared concepts as a point of departure, researchers have constructively charted ways to
adapt definitions for method-specific understandings of bias. For example, the field often draws on the
Total Survey Error Framework, which distinguishes between types of bias, and adapts it to define
method-specific bias in data donation (Boeschoten et al., 2022) or platform data (Sen et al., 2021). But
even when building from shared frameworks, risks of fragmentation persist: Daikeler et al. (2024)
identified more than 20 error frameworks for CSS data, often without sufficient exchanges across
methods and disciplines. As CSS continues to expand, the challenge ahead will be to strike a balance:
shared definitions of quality criteria and bias that are broad enough to unify, yet flexible enough to
capture methodological pluralism.

Detecting bias in CSS

A second question in CSS concerns methods, metrics, and thresholds for detecting bias: Given the
study design, which methods allow us to identify bias, what metrics can quantify it, and where should
we set thresholds beyond which bias undermines substantive findings? Despite the urgency of these
questions, the lack of guidelines for bias detection in CSS is striking, with only a few notable exceptions
(Moons et al., 2025; Tay et al., 2022). Most discussions remain folded into broader debates about data
quality - encompassing different criteria such as reliability and validity - or validity itself, which is
often equated with the absence of bias. Related reviews map approaches for detecting data quality and
validity in text-as-data (Bernhard-Harrer et al., 2025; Birkenmaier, Lechner, et al., 2024) or agent-
based modeling (Collins et al., 2024), but often without an explicit focus on bias. Strengthening bias
detection in CSS involves two key steps: (1) enhancing validation procedures with targeted bias
detection and (2) developing shared metrics and thresholds.

Validation needs more explicit bias detection: choosing among biased methods

In the absence of dedicated methods for bias detection, researchers often borrow validation
procedures. Given the close relationship between validity and bias, this strategy is useful - but
not sufficient (TeBlunthuis et al., 2024). Often, though not always, validation is conducted through
comparisons to presumably less biased gold standards, against which researchers approximate the
extent to which CSS results deviate from “true” population values. For example, text-as-data
measures are validated against manual coding (Bernhard-Harrer et al., 2025), samples in data
donation studies to survey samples (Hase & Haim, 2024), and LLM-generated synthetic data
against survey data (Boelaert et al., 2025). In such cases, non-CSS data sources, such as decisions
by human coders, are privileged as gold standards, based on the belief that researcher control
reduces bias. In other cases, however, CSS data itself serves as the benchmark - for instance, when
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digital traces are used to detect bias in self-reports or when CSS is used to create synthetic,
“debiased” datasets (for a critical debate, see Toh & Park, 2025). Crucially, the idea of a gold
standard rests on epistemological judgments about what counts as valid knowledge. Again, such
evaluations can and sometimes should be purpose-specific (Weif3 et al., 2025). In line with broader
epistemological and ontological debates, scholars increasingly even question the very notion of
gold standards — whether derived from CSS (Jiirgens et al., 2020) or non-CSS methods (Bachl &
Scharkow, 2017). As such, focusing only on deviations from such standards may be insufficient to
fully capture bias in CSS data and methods.

In response to critical perspectives, scholars are adopting constructive approaches that more
explicitly integrate bias detection in existing validation methods. They argue that methods vary in
their strengths and limitations depending on the task (Bernhard-Harrer et al., 2025; Grimmer et al.,
2021), a point not new, but one sometimes overlooked with the rise of CSS as a supposedly novel
approach. Digital trace data, for instance, may provide more accurate measures of app- or device-
specific usage, whereas surveys may often better capture activity across platforms and devices (Wenz
etal., 2024). Cernat et al. (2024) demonstrate this with the Multitrait Multimethod approach, revealing
that both survey and digital trace data introduce errors that vary with the latent concept under
investigation. The key is to identify which biases attach to which methods - and selecting the method
whose biases least undermine one’s research question or even integrating different methods (Wenz
et al., 2024). Generally, such mixed methods approaches promise to build stronger evidence through
“triangulation” when results from data analyses with different sorts of biases converge (Creamer,
2018). Validation remains a cornerstone, but it must be paired with greater attention to when, how,
and why CSS may misrepresent the phenomena it seeks to capture. Taken together, these develop-
ments point toward a more pragmatic vision of bias detection: one that abandons the pursuit of perfect
benchmarks in favor of comparative assessments of biases across CSS and non-CSS methods.

Metrics and thresholds for bias detection: how good is good enough?

Another point of contention is whether metrics and thresholds borrowed from validation methods can
also function as safeguards against bias in CSS. To date, such measures often emphasize whether
differences between methods exist, rather than whether and how those differences are systematic. Take
recall and precision, for example: while these metrics can show how well text-as-data classifiers align
with manual annotations overall, they provide little insight into systematic shortcomings, such as
consistent misclassification of certain languages or specific sub-indicators of a latent concept, unless
explicitly examined. For this reason, critics caution that transparency in the form of general validation
metrics, while important, is ultimately not enough (TeBlunthuis et al., 2024).

Fortunately, progress has been made in integrating more bias-sensitive metrics into CSS.
Researchers have adapted metrics from survey research to quantify nonparticipation bias in
tracking (Keusch et al., 2020) and advanced approaches for differential error in text-as-data
(Egami et al., 2023; TeBlunthuis et al., 2024). Similar efforts extend to synthetic data generated
via LLMs, such as comparing the distance of probability distributions between LLM-generated and
survey data (Boelaert et al, 2025). To understand thresholds at which bias may substantially
threaten validity, studies largely illustrate impacts on results. Some show how bias may change
descriptive quantities of interest, such as the prevalence of substantial concepts like political
polarization (Chen et al., 2025) or platform use (Bosch et al., 2025). Others examine how bias
cascades into inferential relationships, for instance, when explaining toxicity on social media
(TeBlunthuis et al., 2024) or patterns of digital platform use (Bosch et al., 2025). Still, procedures
and guidelines specifically tailored to bias detection are more established outside CSS - in survey
methodology (The American Association for Public Opinion Research, 2023) or in machine
learning research, where subgroup and intersectional fairness metrics are more common (Caton
& Haas, 2024). The challenge ahead for CSS is therefore to develop standard metrics for bias
detection and thresholds for when bias substantially undermines validity.
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Addressing bias in CSS

Finally, how should researchers handle bias once they detect it? Here, the field has to address two
pressing issues: (1) testing whether non-CSS error correction can be transferred to CSS and (2)
thinking about bias as an analytical resource.

Turning found data into designed data: adapting traditional bias correction for CSS?

With growing recognition of bias in CSS, scholars have developed error-correction strategies to
address it. These fall into two categories: ex-ante strategies implemented prior to data collection and
a-posteriori strategies applied afterward (Caton & Haas, 2024; Hase & Haim, 2024). These approaches
seek to reintroduce control - effectively aiming to transform “found” data into more “designed” data.
As such strategies borrow heavily from established social science practices, they meet calls for social
scientists to take a more active role in CSS. Ex-ante strategies include survey design techniques, such as
incentivization or framing, to mitigate nonparticipation bias in studies collecting digital trace data
(Hase & Haim, 2024). They also encompass instructions for LLMs via promptbooks grounded on
traditions of manual content analysis (Stuhler et al., 2025) or changing the conditions under which
coders annotate manual gold standards (Van Der Velden et al., 2025). A-posteriori strategies rely on
statistical corrections, including weighting (Pak et al., 2022) or adjustments for missing data
(TeBlunthuis et al., 2024).

Efforts to mitigate bias in CSS are promising and represent constructive advances, especially when
explicitly building bridges across disciplines. This includes interdisciplinary adaptations of methods,
such as machine learning (Lavelle-Hill et al., 2025), or collaborative policy initiatives pushing for
improved data access (Hase et al., 2024). However, the effectiveness of such mitigation strategies is far
from settled. Error-correction techniques depend on high-quality validation data — which, as debates
about gold standards show, are hard to find - and knowledge of the processes through which bias
emerges. Researchers cannot model “unknown unknowns”: nonparticipation in tracking or data
donation, for instance, is unlikely to be corrected via sociodemographic variables typically used in
statistical weighting. Since reliable predictors of selective drop-out are not yet well established —
especially for actual participation rather than hypothetical behavior measured via vignette experi-
ments — error correction risks being ineffective or even generating additional bias. Survey design
interventions face similar hurdles: most techniques appear to have little to no effect on bias in user-
centric data collection (Hase & Haim, 2024; Struminskaya et al., 2021), likely because attrition in CSS
settings follows dynamics distinct from traditional surveys. We believe that both ex-ante and a-poster-
iori strategies remain worth pursuing, but their successful application will require stronger evidence
on types and predictors of bias in CSS. Still, abandoning bias mitigation simply because it is difficult is
not an option.

Bias as a feature of reality: from transparency to analytical resource

Moreover, scholars influenced by critical theory argue that bias should be used rather than treated
exclusively as a problem to erase (Shugars, 2024). As Toh and Park (2025) warn, CSS has developed
a tendency to frame bias as a purely technical issue, seeking technical fixes while neglecting the
structural forces that produce it. Since CSS data and methods rely on real-world information, they
inevitably reflect existing social inequalities. From this standpoint, bias can be reframed more
productively as a lens for scientific analysis (Hammersley & Gomm, 1997), one that highlights
structural inequalities in society.

Scholars have addressed this critique along two lines. The first is a push toward a more
transparent error culture through documentation tools. Technical fields have pioneered, for
example, model cards for machine learning classifiers (Mitchell et al., 2019) and data statements
in NLP (Bender & Friedman, 2018), though these also gain traction in the social sciences
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(Kostygina et al., 2023). In essence, a transparent error culture requires researchers to explicitly
document the shortcomings of their CSS data and methods and outline the conditions under
which their methods should - or should not - be applied. Only through transparent documenta-
tion can the field accumulate the evidence needed for systematic reviews and meta-analyses for
identifying common predictors and mechanisms of bias in CSS. These technical reports can be
paired with positionality statements that disclose researchers’ own characteristics, such as their
epistemological orientation or relationship to the subject. The second line of response is to turn
bias into an analytic resource by using biased CSS methods to reveal structural inequalities, for
instance, detecting bias in text-as-data approaches to uncover gender stereotypes in society
represented in their underlying training data (Garg et al., 2018).

Contributions in this Special Issue

In 2024, we launched a Call for Papers in Communication Methods and Measures on the theme of CSS
and bias. From 57 abstract submissions, 8 author teams were invited to submit full manuscripts, and 4
were ultimately accepted for publication in this Special Issue. The accepted contributions largely
converge on the topic of bias detection. They include studies focusing on gender as a site of bias in
text-as-data approaches (Siemon, 2025) and evidence that such classifiers perform unevenly in
detecting incivility directed toward different genders (Stoll et al., 2025). Other contributions examine
how bias affects the study of political polarization when comparing APIs and data donations as CSS
data sources (Chen et al., 2025) or how coder characteristics, such as political orientation, influence the
creation of gold standards (Van Der Velden et al., 2025). By contrast, fewer contributions also advance
definitions of bias or strategies for mitigation (Siemon, 2025; Van Der Velden et al., 2025). In what
follows, we briefly introduce each of the four articles (for an overview, see Table 1).

Chen et al. (2025) demonstrate that different CSS data sources may carry distinct errors, with
important consequences for answering substantive questions in the social sciences. Drawing on
Hungarian data donations combined with survey responses and the YouTube API, they contribute
to this Special Issue by detecting bias in CSS measures of political polarization. Their findings show
that visible digital trace data (e.g., comments) exhibits more political polarization than invisible data

Table 1. Contributions per paper.

Defining Detecting Addressing

Authors and title bias bias bias Example quote
Chen et al. (2025): The Public that Engages v “Visible engagement on YouTube portrays an
Invisibly: What Visible Engagement Fails incomplete picture of political
to Capture in Online Political communication, potentially leading to
Communication inaccurate and often
exaggerated estimates of polarization.”
Siemon (2025): Beyond the Binary? v v v “To critically evaluate gender classification
Automated Gender Classification of Social methods, we need to integrate theoretical
Media Profiles knowledge of feminist and queer theory

with methodological expertise in
standardized and computational research.”

Van Der Velden et al. (2025): Whose Truth is v v v “To improve annotated data for automated
it Anyway? An Experiment on Annotation text analyses, and for stance detection
Bias in Times of Factual Opinion models in particular, we need to critically
Polarization evaluate how we create our gold

standards.”

Stoll et al. (2025): Classification Bias of LLMs v “If comments containing vulgarity and direct
in Detecting Incivility Towards Female and insults are classified more reliably than
Male Politicians In German Social Media those involving stereotyping or subtle
Discourse discrimination, LLMs risk reinforcing

a narrow view of incivility [. . .J. This bias in
classification can lead to the
marginalization of social groups.”

Note. The format of this table was inspired by Van Rooij et al. (2024).
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(e.g., video consumption). As a result, the choice of data sources and measurement strategies can lead
researchers to over- or underestimate phenomena such as political polarization and filter bubbles.
Their study contributes to comparative assessments of biases, here across different CSS data sources,
and to understanding metrics for bias detection. Moreover, their extensive robustness tests exemplify
the type of transparency culture that CSS increasingly requires.

Siemon (2025) advances text-as-data methods for gender classification. Drawing on feminist and
queer theory, she urges researchers to critically reflect on their epistemological assumptions when
defining gender as a research category, particularly because such classifications can affect marginalized
communities. Through a case study of German Twitter data, she offers a set of guidelines for text-as-
data research, addressing steps like setting up the research design, method selection, data preparation,
analysis, and validation. She further illustrates how bias detection can be implemented, for example, by
identifying systematic misclassification across groups and by noting which populations remain
unclassifiable and thus invisible. As such, her study underlines the importance of epistemological
pluralism for defining bias as well as approaches to empirically detecting it.

Contributing to definitional work on bias in CSS, Van Der Velden et al. (2025) propose that coder
disagreement — often dismissed as mere measurement error — should be treated as an informative
signal in text-as-data methods. This is particularly relevant when dealing with latent concepts that are
prone to political polarization. Through experiments in the Netherlands and the United States, the
authors examine how annotator characteristics, such as coders’ ideological distance, as well as the
latentness of the concept under study, can affect bias. Van der Velden et al. also evaluate error
correction strategies, such as masking text elements that may trigger ideologically biased annotations,
though this mitigation’s effect was limited in the current study. The study contributes to defining bias
while also advancing approaches for detecting and mitigating it, thereby addressing several key themes
of this Special Issue.

Finally, Stoll et al. (2025) analyze the unequal performance of LLMs in detecting incivility toward
politicians of different genders. Using user comments from YouTube and X/Twitter, they investigate
how both the nature of the concept under study (e.g., the latentness of indicators of incivility) and its
object (e.g., the gender of the politician) shape bias. Their findings show that classifiers often overlook
more implicit forms of incivility, which are disproportionately directed toward women. As a result,
classifier performance is worse for these groups and may reinforce gender bias. Beyond contributing to
debates on validation, their study also speaks to fairness in and through CSS, particularly by advancing
methodological discussions on metrics for bias detection through an in-depth analysis of false-
negative classifications and their underlying causes.

Charting the road ahead: bias in and through computational methods

Based on our review of existing scholarship on defining, detecting, and addressing bias in CSS,
together with the contributions to this Special Issue, we argue that CSS researchers must adopt
a dual orientation: on the one hand, a critical stance committed to defining and detecting bias; on
the other, a constructive stance that seeks to address or even leverage it. If CSS is to maintain its
credibility, confronting bias must become a central, not peripheral, endeavor - and this Special Issue
represents a step in that direction. Meeting this challenge requires joint efforts of bottom-up commit-
ment by individual researchers, complemented by top-down institutional engagement.

How to move forward: bottom-up commitment by CSS researchers

CSS researchers can, and already do, engage with bias in ways that strengthen the field. For defining
bias, this entails advancing conceptual work from multiple epistemological standpoints (Siemon,
2025). This could extend to critically reassessing CSS studies — for instance, research on Twitter/X,
which remains used as evidence of human online behavior despite biases in the populations it
represents. Finally, we urge researchers to more explicitly define bias in their CSS studies, both
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conceptually (e.g., related to valid statistical estimation or societal fairness) and formally (related to
bias calculation, see, for example, Keusch et al., 2020). Ultimately, this also means that CSS will need to
more explicitly integrate broader quality criteria beyond validity, such as its impact on societal fairness
(Wagner et al,, 2021).

Relatedly, extending validation practices to incorporate bias detection broadens the field’s scope
from bias in CSS to bias through CSS. Researchers could extend theory-informed work with
studies that also, from an applied perspective, aim at solving societal problems (Lazer et al.,
2020). As socio-technical systems governed by big tech expand their influence, CSS has both the
opportunity and, arguably, the obligation to inform policymakers and practitioners (Wagner et al.,
2021). In addition, more agnostic approaches (Bernhard-Harrer et al., 2025; Grimmer et al., 2021)
increasingly underline that no method, CSS or otherwise, is perfect. Different approaches carry
distinct strengths and biases. Moving forward, this requires more methodological work on
comparative bias detection across methods — both within different CSS approaches but also across
CSS and non-CS work.

Finally, and in relation to addressing bias, it has long been emphasized that CSS should comple-
ment rather than replace traditional methods (Van Atteveldt & Peng, 2018). At present, however, this
potential remains only partially realized: complementarity has mainly taken the form of comparison
(e.g., juxtaposing survey and digital trace data to assess bias, see Wenz et al., 2024) or sequential use
(e.g., applying manual coding alongside text-as-data for different tasks, see Nelson, 2020). A next step
would be integration: using CSS and non-CSS methods simultaneously for the same task to account
for different biases across them. As Tornberg and Uitermark (2021) put it, such methodological
pluralism could serve to “bring into view different dimensions of social reality” (p. 8), just as diverse
coder perspectives can enrich annotation (Cabitza et al., 2023). To fully realize this potential, CSS has
to advance methods for integrating different CSS methods, as well as CSS and non-CSS approaches.

How to move forward: top-down support by institutions

We recognize that this requires additional work on top of other calls, such as those for greater
engagement with open science and reproducibility practices in CSS (Waldherr et al., 2025). The
burden of confronting bias cannot rest solely on the shoulders of individual CSS researchers; it also
requires systemic, top-down action from institutions. Such support could take the form of institutions
providing standardized bias metrics and reporting frameworks, modeled on longstanding practices in
survey research (The American Association for Public Opinion Research, 2023). Journals, which “are
in a prime position to set standards” (Waldherr et al., 2025, p. 22), could incorporate these into review
processes. This might include providing templates for positionality statements and bias reports, as well
as the introduction of quality badges that reward researchers who proactively engage with bias
detection. It could also involve developing shared data infrastructures that supply either high-
quality or explicitly biased datasets, both of which could function as valuable benchmarks for bias
detection. Finally, infrastructures such as the KODAQS initiative by GESIS (Dehne et al., 2024)
illustrate how training and guidelines on data quality and bias can empower researchers and provide
lasting support for the field.

What this Special Issue could not do

Although this Special Issue seeks to advance debates about bias in CSS, several limitations remain.
First, structural inequalities within the field are mirrored in the contributions. Of the published pieces,
a majority is led by female researchers, yet none by scholars outside Europe. This outcome partly
reflects submission patterns but nonetheless reproduces the Western-centrism of CSS (Yi & Zhang,
2023). Second, despite our call for both critical and constructive work, future research could place even
greater emphasis on advancing epistemologically diverse definitions of bias and strategies for addres-
sing it. Third, most contributions prioritize implications for scientific validity over questions of
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societal fairness, indicating that this issue engages primarily with bias in CSS rather than bias through
CSS. Even so, we hope that the range of perspectives assembled — spanning definitions, detection
methods, and strategies for addressing bias — will provide a foundation for future debates on CSS and
bias.
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