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Abstract: This paper conceptualizes Computational Social Science (CSS) as a socio-technical field in
which methods, data, standards, and responsibilities move between social science, computer science,
and related fields. We propose a framework of five friction points that require translation work and
argue that support structures for data-intensive research play a central role in negotiating these frictions.
Drawing on practical insights from the interdisciplinary DataNord help-desk, we show how support
teams translate between disciplinary assumptions, computational workflows, data governance, and
standards of responsible research.
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1 Introduction

Computational Social Science (CSS) is a highly interdisciplinary field that combines the
social sciences with computer science, statistics, and related fields to investigate human
behavior and social systems at scale [JP23; LPW23]. It develops and applies computational
methods to analyze complex, often large-scale datasets, including digital trace data from
social media platforms, telecommunications, administrative records, sensors, and historical
archives [Ed20; La20].

Societal analysis is increasingly shaped by a two-directional movement of methods and
expertise: social scientists adopt computational approaches from computer science and
data science, while STEM-trained researchers use digital traces, large-scale datasets, and
Al tools to address questions about social behavior and societal dynamics. This creates
new opportunities for knowledge production, but also generates tensions. Computational
methods carry implicit assumptions about valid evidence, uncertainty, data quality, and
the kinds of claims that can be made from model outputs. When these assumptions move
between sociology, computer science, data science, and adjacent fields, they may not fit the
epistemic standards, ethical responsibilities, or methodological traditions of the new context.
A model that performs well predictively, for example, may still be difficult to interpret as
social-scientific evidence if its variables are weakly connected to theoretical constructs,
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its data are biased or non-representative, or its outputs are treated as explanations without
sufficient conceptual grounding.

We argue that these challenges are socio-technical rather than merely technical. CSS
depends on the alignment of researchers, disciplinary norms, forms of expertise, data
infrastructures, software tools, legal requirements, ethical responsibilities, and institutional
settings. From this perspective, the movement of computational methods into and out of
the social sciences requires translation work: the practical effort of making assumptions,
concepts, methodological choices, quality standards, and responsibilities understandable
and appropriate across disciplinary contexts. This includes clarifying how data-driven
features relate to theoretical constructs, what kind of claim a statistical result can support,
or how legal and ethical requirements become concrete data practices. Building on Socio-
Technical Systems theory and concepts from science and technology studies, this paper
identifies five recurring friction points where such translation becomes necessary: epistemic
friction, measurement friction, operationalization friction, quality-measures friction, and
accountability friction. These friction points mark situations in which different field logics,
research practices, standards of evidence, and responsibilities meet around shared objects
such as datasets, labels, models, pipelines, platforms, or documentation. Rather than treating
them as isolated problems, we conceptualize them as systematic sites of negotiation in
interdisciplinary CSS.

We further argue that this translation work is increasingly carried out by support structures
for data-intensive research, such as Data or Digital Science Centers and Data Competence
Centers, as currently funded by the BMFTR for a period of three years?. These units operate at
the interface between disciplines through consulting, training, and networking. Empirically,
the paper draws on practice-based insights from the interdisciplinary help-desk of the
Data Competence Center for the Bremen region "DataNord", hosted at the Data Science
Center of the University of Bremen. Using two anonymized examples from consulting
practice, we illustrate how friction points arise in concrete research situations and how
interdisciplinary support teams translate between social-scientific questions, computational
workflows, statistical reasoning, data governance, and standards of responsible research.

The contribution of this paper is twofold. First, we introduce a framework that conceptualizes
the transfer of epistemic paradigms, methods, quality standards, and responsibilities in CSS
as a socio-technical translation process structured by identifiable friction points. Second, we
highlight the role of institutional support structures for data-intensive research as key actors
in this process and derive implications both for CSS as an interdisciplinary research field
and for Data and Digital Science initiatives [Bo25] that design services, training formats,
and governance structures. In doing so, we aim to contribute to a shared understanding
of how to support responsible, transparent, and methodologically sound interdisciplinary
research.
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2 CSS as a Socio-Technical System

2.1 A Socio-Technical Perspective on Interdisciplinary Research Fields

Before applying this perspective to CSS, we briefly introduce Socio-Technical Systems (STS)
theory and its relevance for interdisciplinary research. STS helps to show why the movement
of computational methods across disciplinary boundaries is never merely technical. It also
involves practices, tools, institutional conditions, shared artefacts, collaboration spaces, and
forms of domain-specific and cross-domain expertise that need to be aligned and negotiated.

STS can be understood as work or knowledge systems in which human actors, technical
artefacts, and organizational environments are interdependent elements of a larger system
[BH77; TB51]. The social subsystem includes individuals, relationships, roles, skills,
values, organizational structures, and work-related practices, while the technical subsystem
comprises tools, technologies, methods, devices, and infrastructures. Both operate within
an environmental subsystem, which refers to the organizational, institutional, cultural,
economic, and political conditions under which the system is situated [Tr81]. The central
design principle is joint optimization: social and technical elements should be aligned so that
they mutually support each other and contribute to the functioning of the system as a whole
[Tr81]. A technical solution may fail if it does not fit existing practices or forms of expertise;
conversely, social arrangements depend on appropriate infrastructures, information flows,
and boundary arrangements.

For interdisciplinary research fields, STS can be extended through concepts from science
and technology studies. Trading zones describe spaces in which communities with different
vocabularies, methods, and standards coordinate their practices without fully merging into
one discipline [Ga96]. Boundary objects are shared artefacts, such as datasets, models, tools,
protocols, or infrastructures, that can be used across communities while retaining different
meanings for each of them [SG89]. Different forms of expertise specify how actors participate
in such settings: contributory expertise refers to the ability to carry out recognized work
within a specific domain, whereas interactional expertise describes the ability to understand
and use another expert community’s language well enough to engage in meaningful exchange
without becoming a full contributor in that field [CEO7]. This perspective is particularly
useful for analyzing interdisciplinary research fields under conditions of technological
change. New data sources, computational tools, and analytical methods do not merely
expand technical capacities; they can reorganize workflows, redistribute expertise, introduce
new standards of evidence, and shift responsibilities for data quality, documentation,
interpretation, and accountability. Because technologies become embedded in specific
practices, institutions, and knowledge cultures [BH09], STS provides a lens for analyzing
how technical change reshapes epistemic standards, responsibilities, and socio-technical
risks in data-driven research [Ha19] and artificial intelligence (AI) [Ka22].

Previous STS-informed work illustrates this analytical strength. Studies of digital humanities
show how collaboration between historians, computational linguists, computer scientists,



archivists, and other experts depends on shared tools, resources, working languages, and
interactional expertise, while epistemic cultures remain distinct [Ke21; LM24]. Edwards et
al. [Ed11] describe similar tensions in data-intensive climate research as science friction,
highlighting the communicative work required when data, tools, metadata, institutions,
and disciplinary expectations meet. Ribes [Ri19] further shows that data science itself is
organized around the crossing of domains, seeking to make distinct fields interoperable
through tools, infrastructures, and hybrid forms of expertise. Finally, Smith et al. [Sm20]
add a social science-specific perspective by showing that data management and digital
scholarship require continuous negotiation between protection and disclosure, openness
and restriction, and disciplinary needs and infrastructural possibilities.

Taken together, these studies show that STS makes visible the translation work required in
interdisciplinary research fields under condition of rapid technological change. It directs
attention to the alignment of social, technical, and environmental subsystems, the negotiation
of standards and responsibilities, and the role of shared artefacts and interactional expertise
in enabling cooperation across disciplinary boundaries.

2.2 A Socio-Technical Perspective on CSS

Building on this perspective, we understand CSS as a socio-technical research field in which
knowledge about social phenomena is produced through the interaction of people, data,
methods, technologies, and broader research contexts [AM23; BH09]. Figure 1 illustrates
this conceptualization. In the following, we specify CSS through its social, technical, and
environmental subsystems and show how their alignment shapes the conditions under which
CSS can produce credible research [AM23; Ap97].

The social subsystem of CSS includes researchers from social science, computer science,
data science, and related fields; support actors such as technicians, librarians, data stewards,
and student assistants; and the people whose actions become part of the data, for example
through digital traces. These actors bring different skills, values, and standards into the
research process: social scientists may emphasize interpretation, explanation, and theoret-
ical grounding, while computational researchers may focus more strongly on prediction,
classification, or technical performance [Ho21]. The social subsystem therefore also covers
how actors communicate, develop shared understanding and interactional expertise, and
negotiate concepts, methods, and responsibilities across disciplinary boundaries.

The technical subsystem comprises large-scale datasets such as digital trace data or
administrative records; infrastructures for storing, processing, and accessing data, such
as servers, platforms, sensors, and APIs; as well as statistical and computational methods
such as machine learning (ML), natural language processing (NLP), network analysis,
and agent-based modeling ABM) [BMY 16; Ch21; JP23; La20], as well as software and
programming languages (e.g. R and Python). The technical subsystem is not limited to
final analysis, but also includes data collection (e.g. via APIs or web scraping), curation,



cleaning, operationalization, documentation, and visualization [JP23]. At the same time,
digital data are not neutral representations of social reality. They are produced through
platforms, algorithms, interfaces, access regimes, and curation practices that shape what can
be observed and analyzed [AA21; BH09]. Access to data, infrastructures, and computational
skills is therefore unevenly distributed across actors and institutions [DHC20].

The environmental subsystem refers to the broader conditions under which CSS operates
[AM23]. It shapes what can be studied, which data can be accessed, and how results may be
produced and shared. This includes ethical norms regarding privacy and consent [KHB24];
legal and regulatory frameworks such as data protection law, intellectual property rights,
the Digital Services Act (DSA), and the EU AI Act [La20; LPW23]; as well as expectations
of openness, reproducibility, and compliance with FAIR [Wil6], CARE [Ca20], and FACT
[VBH17] principles. Since private corporations often control the generation of and access
to digital trace data, CSS also depends on platform conditions [Ba24; Br19; H&d19; La20;
Pal5]. More broadly, processes of datafication make social life increasingly available as
data, while social norms, public values, and institutional priorities shape which research
questions appear legitimate or urgent [BH09; DHC20; Kil4].

From an STS perspective, CSS’ central challenge is one of joint optimization [Tr81]:
Powerful computational methods may still be inadequate if it does not fit the theoretical
assumptions, data limitations, or explanatory goals of social research. At the same time,
social-scientific inquiry increasingly depends on technical systems that shape data access,
operationalization, and possible forms of analysis. Datasets, codebooks, annotation schemes,
preprocessing pipelines, models, protocols, or software tools can function as boundary
objects: they enable coordination across communities while retaining different meanings
for different actors [Ke21; LM24]. A dataset, for example, may be treated as empirical
material by sociologists, as training input by computer scientists, and as an object requiring
documentation, access control, and anonymization by data stewards. These objects support
collaboration, but they do not remove the need to negotiate meanings, assumptions, and
standards.

Such negotiations take place in trading zones in which social scientists, computer scientists,
data scientists, and support actors coordinate practices despite different vocabularies,
standards, and epistemic cultures [Ke21; LM24]. In CSS, trading zones may emerge
around research questions, construct operationalization, data access, method choice, model
interpretation, quality assessment, or ethical and legal constraints. Expertise is central to
these negotiations. Researcher from different domains may each possess strong contributory
expertise in their own field. In CSS, this may include sociological expertise in theory-
building and causal reasoning, computational expertise in modeling, classification, and
prediction, or data-scientific expertise in data collection, engineering, and architecture [H&19;
Ri19]. However, science friction [Ed11] arise when this expertise remains domain-specific
and individuals lack the interactional expertise [CE07] needed to understand the other
community’s language and reasoning well enough to ask informed questions, recognize
limitations, and negotiate methodological decisions. In the following, we conceptualize



these tensions as friction points in the translation of computational methods into and out of
sociology.
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Fig. 1: Computational Social Science as a Socio-Technical System

Note. Adapted and further developed from Kaminsky [Ka22] and informed by concepts of socio-
technical systems, boundary objects, trading zones, and expertise studies [BH77; CE07; Ga96; SG89;
TB51].

3 Friction Points as Sites of Translation in CSS

As argued above, friction points in CSS arise from two closely connected sources. First,
they emerge when different epistemic cultures, research practices, and forms of contributory
expertise meet around shared objects such as datasets, labels, models, pipelines, or platforms,
while actors lack the interactional expertise needed to understand how other fields attach
different meanings, standards, and responsibilities to these objects. Second, these negotiations
are shaped by partly conflicting requirements of the social, technical, and environmental
subsystems: CSS should be theoretically grounded and technically feasible, open and
reproducible yet privacy-preserving and legally compliant, and methodologically rigorous
while remaining responsive to limits of data access, infrastructure, and expertise. Building
on the existing literature, we identify five recurring friction points in CSS that mark where
translation work becomes necessary (Table 1).



Tab. 1: Friction points in CSS

Friction point

Core tension

Translation needed

Epistemic

[riction
Measurement
friction
Operationalization
friction

Quality measures
[riction

Accountability
friction

Explanation, causality, and interpre-
tation vs. prediction and performance
Theoretical constructs vs. labels,
variables or proxies.

Theoretical assumptions and causal
mechanisms vs. model inputs and
computational features.

Validity, reliability, representative-
ness, and bias vs. accuracy, robust-
ness, scalability, and efficiency.
Openness and reproducibility vs. le-
gal compliance, ethics, and opaque
infrastructures.

What kind of claim can this result
support?

What exactly is being measured, and
does the proxy fit the construct?
How can theoretical assumptions be
represented in data, features, or mod-
els?

Which quality standards apply, and
how can they be combined?

Which responsibilities follow regard-
ing data practices, documentation,
and sharing decisions?

Epistemic friction concerns the different knowledge claims that meet in CSS. Social-
scientific research, both quantitative and qualitative, is often oriented toward theory-
building, interpretation, causal reasoning, and context-sensitive explanation [GRS21; Ho21].
Computer-scientific and machine-learning approaches, by contrast, have been shaped by
Big Data and increasing computational power and therefore often prioritize prediction,
scalability, benchmark performance, and evaluation on unseen test data [GRS21; Ho21].
This opposition is not fixed: current CSS increasingly acknowledges sequential, iterative,
and partly abductive forms of inquiry, in which theory, measures, hypotheses, and models
are refined through engagement with data [GRS21; JP23]. Friction arises when these
epistemic paradigms remain implicit. Algorithmically detected patterns are not meaningful
by themselves; without theoretical grounding, data mining can produce spurious correlations
that are statistically striking but lack social reality [Hd19; Kil4]. Likewise, predictive
accuracy may be mistaken for explanation, model performance for theoretical validity, or
causal claims for mere pattern recognition [Ho21]. What needs to be translated is therefore
the epistemic status of a computational result: whether it describes a pattern, measures a
construct, predicts an outcome, explains a mechanism, or supports a causal claim [Ho21].

Measurement friction arises around the translation of theoretical constructs into com-
putational proxies. In social-scientific research, concepts such as social capital, identity,
democracy, or hate speech are not directly observable, but require theoretical definition and
careful operationalization [Sal8]. In machine-learning workflows, the same problem often
appears as a question of labels, variables, proxies, or ground truth: an observable marker is
selected or annotated so that an algorithm can learn from it [LBJ22; RJ20]. Friction arises
when such labels are treated as if they were already valid measurements of the underlying
social concept. For example, annotator disagreement may be treated as noise to be reduced
technically, although the deeper problem may be an ambiguous or contested construct
[RJ20]. Technical solutions, for example, cannot decide what hate speech means in a specific



research context. What needs to be translated is the relation between construct, proxy,
and procedure: abstract concepts have to be turned into explicit coding rules, annotation
guidelines, and validation strategies, while computational labels and outputs have to be
translated back into theoretically meaningful claims.

Operationalization friction concerns how theoretical assumptions about social processes
are represented in computational models. While measurement asks whether an indicator
captures a theoretical construct, operationalization asks how assumptions about mechanisms,
contexts, and causal relations are translated into model inputs. In many social-scientific
approaches, explanation is built around a theoretically selected set of variables whose
estimated parameters are interpreted in relation to a mechanism or causal argument [GRS21;
Ho21]. Feature selection is therefore not only a technical preprocessing step, but part
of theoretical model building [RJ20]. Machine-learning approaches, by contrast, often
focus on accurate predictions of an outcome and therefore work with high-dimensional
predictor sets, flexible models, automated feature extraction, and validation on held-out data
[GRS21; LBJ22]. Friction arises when features improve prediction but do not correspond to
theoretically meaningful processes, or when black-box models make it difficult to connect
inputs and outputs to social mechanisms [JKH21; LPW23; RJ20]. This is amplified in
platform-based data, where observed patterns may reflect platform design or recommendation
systems rather than the social process under study [Sal8]. What needs to be translated is
the relation between causal reasoning and computational representation.

Quality measures friction addresses the criteria by which CSS research is evaluated as
"good" or "valid". Social-scientific quality criteria typically include validity, reliability,
representativeness, bias, uncertainty, and theoretical plausibility: research is considered
strong when data and measures fit the concept under study, findings can be generalized to
the defined target population, and interpretations remain sensitive to the data-generating
process [LPW23; Sal8]. Computer-scientific and machine-learning approaches, by contrast,
often evaluate quality through predictive performance, robustness, scalability, and efficiency,
using metrics such as accuracy, precision, sensitivity, specificity, or AUC, especially on test
data [Ch21; GRS21; LPW23]. Friction arises because these standards do not automatically
map onto one another. A model may perform well according to predictive benchmarks but
still be weak from a social-scientific perspective if it is opaque, biased, non-representative,
or lacks explanatory power [Ho21; LPW?23]. What needs to be translated is the quality claim
attached to a result: whether “good” means accurate, robust, representative, interpretable,
theoretically plausible, reproducible, or useful for a specific research purpose.

Accountability friction captures the tension between scientific standards, ethical and legal
requirements, and CSS’s dependence on private and opaque infrastructures. Social-scientific
perspectives emphasize that digital data are not neutral raw material, but products of socio-
technical processes [AA21]. Their quality depends on how they are generated, classified,
transformed, accessed, and interpreted; in this sense, data quality is inseparable from
control over the statistical chain and the infrastructures that produce it [DHC20]. Legal and
ethical issues such as privacy, consent, confidentiality, copyright, and data protection are



therefore not external constraints, but part of responsible knowledge production [KHB24;
Le23]. Computational approaches, however, often treat platforms, APIs, infrastructures,
and pipelines primarily as enabling conditions for analysis. Friction arises when this
technical orientation underestimates that data are socially produced, legally constrained,
and politically consequential. CSS is expected to be open and reproducible while remaining
legally compliant and privacy-preserving under conditions of platform dependency, unclear
data access, proprietary infrastructures, and algorithmic opacity [La20; Pal5]. What needs
to be translated are responsibilities across infrastructures: legal and ethical requirements
must become concrete data practices, access rules, documentation routines, and sharing
decisions, while technical choices about APIs, scraping, preprocessing, model use, and data
sharing have to be translated back into their social, legal, and political implications.

4 From Friction Points to Practice

4.1 Institutional Drivers of Friction in CSS

Having outlined the five friction points, we now return to the two sources from which they
arise: the insufficient alignment of CSS’s social, technical, and environmental subsystems,
and the uneven distribution of interactional expertise needed to negotiate assumptions,
standards, responsibilities, and constraints across disciplinary boundaries [CEQ7]. Science-
sociological work on CSS links both problems to the organization of universities and to
persistent gaps in social science methods training [La20; Rul3].

A first problem is institutional. CSS depends on cooperation between social science,
computer science, data infrastructures, ethics and legal support, libraries, and IT services,
yet these competencies are often distributed across disciplinary and administrative silos
[La09; La20]. Within universities, researchers are typically housed in separate units with few
formal mechanisms to facilitate exchange between domains. Budgeting, infrastructures, and
evaluation systems still tend to privilege disciplinary work over multi- or interdisciplinary
collaboration. As a result, many universities lack shared environments that combine
computational power, secure access controls, data protection routines, and usable workflows
for research with large-scale and sensitive data [La20].

A second problem is pedagogical. Social science research must adapt to new data types and
computational methods without abandoning its theoretical and methodological standards
[LPW23]. However, methods training in the social sciences has often not kept pace with
Big Data, Al-driven methods, programming, data engineering, and platform-based research
[La20; LPW23; Rul3]. Standard curricula remain focused on qualitative methods, statistics,
and survey methodology, while essential data science skills such as programming in R or
Python are still less systematically integrated [Ed20]. This gap is reinforced by a lack of
computationally literate faculty [Ke21]. At the same time, social-scientific questions are
often addressed by computer scientists, data scientists, or other STEM-trained researchers



who bring strong computational expertise, but are not necessarily trained in social-scientific
theory, research standards, or the specific responsibilities involved in working with data
about people [KHB24; La09; La20; Sal8].

Thus, the negotiation of friction points cannot simply be left to individual researchers.
Following Smith et al. [Sm20], CSS requires institutional support structures that provide
translation, shared standards, and accessible interactional expertise across fields.

4.2 Institutionalizing Translation Work: Support Structures for Data-Intensive
Research

New institutional arrangements in the data- and digital-science landscape aim to close this gap.
These support structures for data-intensive research include, most prominently, Data Science
Centers (DSCs) [Pf24; St23b]. DSCs are predominantly established as interdisciplinary,
cross-faculty research structures within higher education institutions. They therefore fulfill a
critical "hinge" function, mediating between methodological development—specifically in
the fields of computer sciences, mathematics, and statistics—and their diverse application
disciplines. Besides technical infrastructure such as GPU servers, DSCs provide research
support services including consulting and educational programs to enhance data literacy in
working with Big Data and Al methods across the research data lifecycle. DSCs are typically
staffed by interdisciplinary teams of data scientists and/or data stewards, designed to bridge
the gap between methodological expertise, research data management and domain-specific
applications. To facilitate knowledge transfer and research collaborations, DSCs often
additionally maintain an extensive network of members and associated partners from various
faculties and research institutes, facilitating knowledge transfer collaborations.

Complementing DSCs, Data Competence Centers (Datenkompetenzzentren, DKZs)
represent a more recent nationwide initiative to strengthen data-related competencies across
the research landscape [Pf24; St23b]. Importantly, DSCs often act as key stakeholders
within these centers. In Bremen, for example, the DSC is one of the central pillars of the
DKZ DataNord[St25] alongside the doctoral training programme "Data Train" [H621].
BMFTR-funded as regional, inter-institutional support structures for data-intensive research,
DKZs are designed to combine learning, consulting, and networking activities to support
researchers across disciplines, career stages, and levels of prior expertise. The landscape
of DKZs is heterogeneous: some centers are explicitly interdisciplinary, such as DataNord
for the Bremen region [St25]. Other DKZs are more domain- or method-specific [GBK25].
For CSS, KODAQS is particularly relevant as a data competence center focusing on social
and behavioral sciences. It supports researchers in assessing and improving the quality of
research data, including digital trace data, and administrative or process-produced data
[De24]. DKZs bring together universities, non-university research institutes, infrastructure
providers, and existing data-related initiatives. They therefore function as interfaces between
local research practices and broader national infrastructures, such as the National Research
Data Infrastructure (NFDI), and extend the hinge function of involved DSCs.



By bundling expertise across domains and institutions, DSCs and DKZs address the
two problems identified above: they break down disciplinary silos and provide training
opportunities that compensate for gaps in traditional disciplinary education. In this sense,
they create institutional spaces in which friction points around research questions, data
practices, methods, infrastructures, ethical and legal requirements, and standards of good
research can be negotiated across fields. In line with Smith et al. [Sm20], they also
create boundary objects, such as guidelines, checklists, templates, workflows, metadata
standards, and training materials [St25], which provide common reference points for
collaboration while remaining adaptable to different disciplinary and project-specific needs.
Their interdisciplinary staff provide the interactional expertise needed to translate between
computer science, data science and domain of application.

5 Translation in Action at the DataNord Help-desk

5.1 DataNord - Interdisciplinary Data Competence Center for the Bremen Region

The following section shifts from the conceptual framework to support practice. If the five
friction points mark where translation into and out of social sciences becomes necessary,
the everyday work of the interdisciplinary DataNord help-desk shows how such translation
is carried out in practice. Drawing on our consulting experience, we illustrate how support
structures for data-intensive research can function as practical negotiation spaces in which
CSS-related frictions are identified, translated, and worked through.

Institutionally, the help-desk is embedded in DataNord, an interdisciplinary data competence
center for the Bremen region [St25]. It is one of eleven national centers and the only one of
its kind in Northern Germany. DataNord is strategically anchored in the U Bremen Research
Alliance (UBRA), which connects the University of Bremen with thirteen non-university
research institutes. Beyond this core network, DataNord also integrates further regional
partner institutions, such as the Bremen City University of Applied Sciences, research data
centers and repositories such as PANGAEA and Qualiservice, as well as NFDI consortia with
Bremen participation. This regional embedding is further strengthened through DataNord’s
connection to the broader Northwest Data Space [Sc26] of data-related initiatives and
infrastructures in North-West Germany.

The help-desk itself is centrally located at the University of Bremen’s Data Science Center
[St23a] and acts as the first point of contact for researchers within the DataNord network
seeking support in data science and research data management related questions. It handles
most inquiries directly and, where specialized expertise is needed, connects researchers with
other relevant services of e.g. Qualiservice, the NFDI consortia, or other data competence
centers [St25]. It is staffed by an interdisciplinary team of five data scientists representing
the region’s established scientific profile areas: (1) Environmental and Marine Sciences,
(2) Social Sciences, (3) Material and Engineering Sciences, (4) Health Sciences, and



(5) Humanities. Beyond their respective domain expertise, team members are trained in
statistics, computational and Al methods, programming languages, research software, data
engineering and research data management. Their expertise is based on prior academic
and professional experience as well as on continuous mutual learning from each other. In
this way, the team combines complementary forms of domain-specific and methodological
knowledge and develops the interactional expertise required to translate between disciplinary
contexts. Drawing on Lazer’s [La20] terminology, this positions the team members as
computationally literate social scientists and socially literate computational and STEM
scientists. Support for data-driven research is structured along three core activity areas: (1)
training, (2) consultation services, and (3) networking activities:

. Regular and on-demand training formats. In the context of CSS, these include
methodological workshops and short input talks on machine learning, text mining,
automated audio transcription, and geospatial data analysis, as well as courses on
programming languages such as R and Python for qualitative and quantitative research.
Further training topics include tools and infrastructures such as Git, SQL, and high-
performance computing using the DSC computing cluster, as well as research data
management, reproducible research, and the responsible handling of personal and
sensitive data. For researchers without prior training in the social sciences, the
help-desk also offers introductory courses on basic statistics, questionnaire design,
and empirical data collection methods.

° Individual consultations. These range from short-term exploration consultations,
such as data management plans or technical troubleshooting, to more mid term,
in-depth guidance on more complex methodological and analytical challenges, and
long-term realization support in project-based collaborations. Consultations regarding
CSS-related issues are usually handled as a team effort, combining one data scientist
with in-depth domain knowledge in quantitative or qualitative social sciences and,
where needed, additional colleagues with complementary methodological expertise.

. Networking activities. In events like the Data Community Club researchers and data
practitioners (e.g. librarians, data stewards, and data scientists) can discuss current

challenges, share experiences, and identify opportunities for collaboration across
fields.

These formats provide complementary entry points for method translation: training builds
shared methodological foundations, consultation enables context-specific translation in
concrete research projects, and networking activities facilitate the exchange of experiences
and practices among researchers of different fields.

5.2 Translation in and out of Social Science: Insights from Practice

To make this translation work visible, we draw on two short, anonymized examples from our
consulting practice at the DataNord help-desk. They illustrate both directions of translation:



social scientists who seek to use computational methods for social-scientific questions, and
researchers from computational or STEM-oriented fields whose data and methods raise
social-scientific questions.

Case 1: Turning a qualitative social media corpus into a structured data workflow.
The first case concerns a qualitative research project working with a large corpus of manually
collected social media posts and comments. The researcher initially planned to analyze the
material in qualitative analysis software, but the corpus became difficult to manage: the data
were heterogeneous, inconsistently structured, and contained personal information. The
consultation therefore focused on developing a data organization and wrangling workflow
that linked posts, comments, subcomments, metadata, and screenshots while preserving the
interactional context needed for qualitative interpretation.

Accountability friction arose around the handling of personal data: names, pseudonyms,
document identifiers, and metadata had to be separated while preserving the link between
posts, comments, and interactional context. Quality measures friction emerged around
the reliability and consistency of the corpus: the manually assembled material had to be
transformed into a reproducible and less error-prone data structure. Finally, this example
involved operationalization friction: interactional structures, such as comments, replies, and
participation patterns, had to be translated into analyzable metadata while still remaining
meaningful for qualitative interpretation.

The translation work was carried out by a consulting team consisting of three data scientists.
A data scientist with qualitative social research expertise preserved the epistemic logic of the
project in ensuring that the workflow remained compatible with interpretive analysis. A data
scientist with expertise in database structures and Python helped to time-efficiently restructure
the data into machine-readable text tables and metadata and supported in the automatization
of repetitive tasks. A data scientist with quantitative-oriented expertise in social sciences
contributed to the pseudonymization workflow, ensuring that analytical usability and
data protection requirements were considered together. This workflow functioned as a
boundary object: it translated qualitative research needs into structured data practices and
translated technical decisions back into questions of interpretation, accountability, and
analytic usability.

Case 2: Aligning experimental data analysis with social-scientific measurement stan-
dards.

The second case concerns a team of computer scientists working with experimental data
from a participant-based perception study. The initial request focused on statistical analysis:
which tests were appropriate, how experimental conditions could be compared, and how
ranking and rating information should be interpreted. As the data involved variables related
to perception, evaluation, and subjective experience, during the consultation, however, the
issue shifted from statistics to measurement. The consultation added a social-scientific
perspective on theoretical constructs, operationalization, reliability, and validity.



Measurement friction arose because participant ratings and ranking could not simply be
treated as self-evident variables. They had to be understood as operationalizations of
underlying constructs that require theoretical justification and empirical validation. Quality-
measures friction became visible in the discussion of appropriate statistical procedures,
reliability checks, effect sizes, non-parametric tests, and uncertainty estimates. Epistemic
friction appeared because the computer-scientific research question was initially oriented to-
ward testing whether the experimental material produced the expected participant responses,
while the social-scientific perspective shifted to focus what kind of evidence the participant
responses could actually provide: a descriptive pattern, a valid measurement, a reliable
comparison between conditions, or a broader interpretive claim.

The consultation team consisted of two data scientists combined social-scientific and
mathematical expertise. The mathematician was primarily involved for statistical support,
but their disciplinary proximity to the research team also helped bridge communication gaps,
while the social-scientific perspective clarified questions of measurement and interpretation.
The consultation thus functioned as a trading zone in which technical terminology, statistical
reasoning, and social-scientific measurement logic could be aligned.

6 Implications for CSS and the Data and Digital Science Community

The framework developed in this paper suggests that the central challenge of CSS is
not only to combine social-scientific questions with computational methods, but to make
the conditions of this combination explicit. Computational methods enter social research
together with epistemic assumptions, quality standards, data practices, infrastructures, and
responsibilities. The five friction points show where these assumptions become practically
relevant: when predictive performance is mistaken for explanation, when labels are treated
as constructs, when features are interpreted as mechanisms, when technical metrics are
equated with research quality, or when openness and reproducibility meet legal, ethical, and
infrastructural constraints.

For CSS as a research field, this firstly implies that interactional expertise should be
treated as a core methodological competence. Researchers need enough cross-domain un-
derstanding to ask informed questions, recognize limitations, and negotiate methodological
decisions. Second, friction points should be addressed early in the research process.
Questions of construct validity, operationalization, data quality, documentation, accountabil-
ity, and interpretation should be built into project design, data workflows, and collaboration
agreements, rather than postponed until analysis or publication. Third, shared materials
such as codebooks, annotation guidelines, metadata schemes, data management plans
and documentation should be used deliberately as they help stabilize communication
across fields and make methodological decisions transparent.

For the Data and Digital Science community, the argument highlights the strategic role
of support structures for data-intensive research: Data Science Centers, Data Competence



Centers, and related initiatives create institutional spaces where epistemic paradigms,
research standards, methods, and data governance can be aligned. This also has consequences
for how support structures need to be designed and evaluated. If their role is translation,
their success cannot be measured only by the number of workshops, consultations, or
tools provided [St25]. It rather depends on whether they help researchers make assumptions
explicit, choose appropriate methods, document decisions and handle data responsibly.
Support teams therefore need interdisciplinary staffing, stable career paths, sustainable
institutional anchoring, and time for mutual learning [Bo25]. Short-term or purely
project-based funding risks undermining the accumulated interactional expertise that makes
such units effective. At the same time, support structures cannot replace disciplinary
training or broader institutional reform. CSS still requires stronger computational
training in the social sciences, stronger social-scientific literacy in computational and STEM
fields, and university structures that reward interdisciplinary work rather than treating it as
additional labor [La20].

This paper also has limitations. The proposed framework is conceptual and practice-informed
rather than empirically validated across a broad range of institutions. The two examples are
drawn from one interdisciplinary help-desk and are necessarily selective and anonymized.
They illustrate how translation work can take place in everyday consultation, but they do
not allow general claims about the effectiveness of support structures across the Data and
Digital Science landscape. Future research should therefore examine how different support
structures organize translation work across disciplines and institutional contexts, and how
the impact of such work can be assessed beyond simple service metrics.
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