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Why do people (not) donate their data? A scoping review on
factors influencing participation in data donation studies and
strategies to enhance it

Warum spenden Menschen ihre Daten (nicht)? Ein Scoping-Review
zu Faktoren, die die Teilnahme an Datenspende-Studien
beeinflussen und Strategien zur Verbesserung dieser

Elisabeth Schmidbauer & Jérg HafSler

Abstract: Data donations have recently emerged as research method, partly enabled by
legislation such as the GDPR. A relevant challenge they face are low participation rates,
which can introduce bias and limit the potential of data donations to harness digital trace
data for studying behavior in various contexts. We conducted an interdisciplinary scoping
literature review to map research on participation in data donation studies, outlining fac-
tors that might discourage participation and strategies to address these issues. To ensure
methodological clarity, data donations are defined by clear criteria: The donation is an ac-
tive and unpaid, but at times incentivized, transfer of intangible, reproducible, and retro-
spective, trace data. Furthermore, data donations are voluntary and informed, and primar-
ily motivated by contributing to the common good. Based on this definition, which also
served as the inclusion criteria for our study, we analyzed 30 studies. Included literature
predominantly focuses on health research and hypothetical scenarios, exploring attitudes
rather than actual donations. Although the investigated literature is diverse, several factors
are discussed to influence willingness to donate. These include respondent characteristics
such as gender differences and technical skills, situational factors such as privacy concerns
and motivations including egoism, study-related attributes including required data types
and who receives the data, and societal-level factors such as contextual influences and cul-
ture. Strategies to increase willingness include general approaches like offering benefits and
the right communication, as well as study design—related strategies, particularly cultivating
trust, e.g., through credible collaborations and appropriate privacy protection.

Keywords: Data donations, participation-bias, literature review, trace data

Zusammenfassung: Datenspenden haben sich, begiinstigt durch gesetzliche Rahmenbedin-
gungen wie die DSGVO, als Forschungsmethode etabliert. Eine zentrale Herausforderung
sind jedoch niedrige Teilnahmequoten, die zu Verzerrungen fithren konnen und das Poten-
zial von digitalen Spurdaten zur Analyse von Verhalten einschrinken. Mithilfe eines inter-
disziplindren Scoping Literature Reviews systematisieren wir in diesem Beitrag den For-
schungsstand zur Teilnahme an Datenspendenstudien sowie Einflussfaktoren und mogliche
Strategien zur Steigerung der Teilnahmebereitschaft. Wir definieren Datenspenden als akti-
ven, unbezahlten — aber mitunter incentivierten — Transfer von immateriellen reproduzier-
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baren, riickblickenden Daten. Zudem sind Spenden freiwillig, informiert, mit Gemeinwohl-
bezug. Auf Basis dieser Definition, die zugleich als Einschlusskriterium diente, analysierten
wir 30 Studien. Die Literatur stammt iiberwiegend aus der Gesundheitsforschung, fokus-
siert auf hypothetische Szenarien und untersucht primir Einstellungen statt tatsachlicher
Teilnahme. Dennoch lassen sich zentrale Einflussfaktoren identifizieren, darunter individu-
elle Merkmale wie Geschlecht und technische Fihigkeiten, situative Aspekte wie Daten-
schutzbedenken oder Egoismus, studienspezifische Eigenschaften wie Datentypen und
-Empfianger sowie gesellschaftliche Kontexte. Generelle Strategien zur Erhohung der Teil-
nahmebereitschaft umfassen beispielsweise Anreize zu schaffen und zielgerichtete Kommu-
nikation sowie den Aufbau von Vertrauen, etwa durch glaubwiirdige Kooperationen und
transparente DatenschutzmafSnahmen.

Schlagworter: Datenspenden, Teilnahmeverzerrung, Literaturtibersicht, Spurendaten

1. Introduction

A considerable proportion of daily activities now occurs within the digital sphere.
Online behavior, whether intentional or not, leaves digital trace data, defined as
“records of activity [...] undertaken through an online information system”
(Howison et al., 2011, p. 769). These traces are rich data sources that enable
more accurate and elaborate measurement of various phenomena (Araujo et al.,
2017; Ohme et al., 2021; Scharkow, 2016; Wedel et al., 2024). They also help
mitigate biases common in self-reported measures, such as reactivity (Baumgart-
ner et al., 2023) or social desirability (Boeschoten et al., 2022).

Acquiring trace data is challenging because companies often withhold data and
limit researchers’ access (Breuer et al., 2022, p. 2). One approach to improve ac-
cessibility is data donation, in which individuals contribute their personal data to
research. A prominent example is the donation of data download packages
(DDPs). Under the European Union‘s General Data Protection Regulation
(GDPR; EU Regulation 2016/679, 2016), users can request access to data plat-
forms have stored about them (e.g., Pak et al., 2022, p. 135). Platforms provide
this data in form of DDPs. These DDPs can then be shared with researchers, pro-
viding access to trace data on user behavior across platforms (Boeschoten et al.,
2022; van Driel et al., 2022). For instance, Instagram DDPs may include data on
likes, direct messages, and search queries (van Driel et al., 2022, p. 272).

Data gathered through donations can enhance research across disciplines, in-
cluding communication and health, by improving data quality and providing in-
sights into digital behavior. In communication studies, for example, Google DDP
donations can be used to examine how citizens inform themselves about political
topics before a referendum (Blassnig et al., 2023). In health research, data dona-
tions can support the measurement of physical activity and the analysis of related
health outcomes (Keusch, Struminskaya, et al., 2024).

However, trace data, such as data donations, are subject to various biases and
limitations (Amaya et al., 2020; Boeschoten et al., 2022; Hase & Haim, 2024). One
stems from DDPs themselves. Because platforms create and control DDPs, their
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structure and content can change at any time. This can introduce inconsistencies,
ambiguities, and missing information, potentially compromising their reliability in
research (Hase et al., 2024). To reduce errors in data donations, research emphasizes
the need for best practices and clear recommendations (Carriére et al., 2025; Ohme
& Araujo, 2022).

Much of the literature highlights data donations’ susceptibility to non-response
bias (Bietz et al., 2019; Ohme et al., 2023; Welbers et al., 2024). Participation
rates are often low (Ohme et al., 2021; Pak et al., 2022), making it difficult to
obtain representative samples (Ohme et al., 2023; Welbers et al., 2024). Improv-
ing understanding of the factors that predict non-response (e.g., Kmetty et al.,
2024; Pfiffner & Friemel, 2023; Strycharz et al., 2024) is therefore essential for
developing strategies to mitigate this bias.

This scoping review examines the literature on participation bias in data dona-
tion studies. It aims to identify respondent characteristics (e.g., age, gender), situ-
ational factors (i.e., motivations and study attributes), and societal influences sha-
ping why people do (not) donate their data. It also seeks to identify strategies to
increase participation.

2. Theory
2.1 What are data donations?

Data donation is a user-centric method of trace data collection in which partici-
pants share data with researchers (Boeschoten et al., 2022; Breuer et al., 2022;
Haim & Hase, 2023; Ohme et al., 2023). As a distinct method, it must be diffe-
rentiated from other forms of data sharing to understand the factors influencing
participation. We therefore define data donations based on seven characteristics.

Data donations require participants’ 1) active involvement in contributing data
they hold (e.g., Bietz et al., 2019; Gomez Ortega et al., 2021). This distinguishes
them from methods such as data linkage. For example, when accessing Twitter
data via linkage, participants only provide their user handles in a survey, allowing
researchers to access public profiles and additional information (Silber et al.,
2022). In contrast, data donation enables participants to share Twitter DDPs,
which contain more detailed and non-public information (Boeschoten et al.,
2022; Silber et al., 2022; Stier et al., 2020). Some studies also allow participants
to review and delete data before donating, further increasing active involvement
(e.g., Breuer et al., 2022; Zannettou et al., 2023).

Additionally, data donations are 2) unpaid, as participants are not directly
compensated for their data (Susha et al., 2019, p. 118). While incentives may be
offered to compensate time and participation, they do not constitute payment for
the data itself and thus preserve the notion of donation for the common good
(Bietz et al., 2019, p. 8).

Next, data is 3) not generated for research (Bietz et al., 2019, p. 1). This study
focuses on trace data, meaning historical records of participants’ digital behavior
(Pak et al., 2022, p. 135). Examples include data from fitness trackers (Pilgrim &
Bohnet-Joschko, 2022), smartphone usage statistics (Baumgartner et al., 2023;
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Ohme et al., 2021), social media data (e.g., Boeschoten et al., 2022; Pak et al.,
2022) or Google search histories (Blassnig et al., 2023). Trace data is generated
by systems and reflects user behavior (Howison et al., 2011), offering a more ob-
jective account than self-reports (Ohme et al., 2021). To qualify as a valid donati-
on, data must be captured non-reactively, meaning it is not self-reported but pro-
vided as system-exported files (e.g., DDPs) or other materials containing recorded
behavior, such as screenshots.

The next facet concerns the 4) intangible and reproducible nature of data do-
nations, reflected in “data multiplicity” (Prainsack, 2019, p. 13). Unlike physical
donations, data can be shared multiple times without loss to donors. However,
donating data may feel less rewarding, as other forms of donation, such as blood
donation, can evoke a ‘warm glow’ (e.g., Skatova & Goulding, 2019, p. 3).

Another aspect is that data is donated 5) retrospectively, meaning consent is
given ex-post (Stier et al., 2020, p. 506), for data that already exists. The data
were generated in the past, logged by platforms or services, and donated later.
This distinguishes data donations from other user-centric trace data collection
methods, such as tracking, where participants provide consent ex-ante and install
tools that continuously collect data (Gil-Lopez et al., 2023; Stier et al., 2020, p.
506). Retrospective donation can help mitigate reactivity during data collection
(e.g., Baumgartner et al., 2023, p. 5).

Further, participants donate their data 6) voluntarily and with informed con-
sent (e.g., Bietz et al., 2019, p. 1). They are informed about what data is reques-
ted, the procedures involved, and how the data will be handled, analyzed, and
shared.

Finally, data donations are 7) intended to serve the common good and support
societal well-being, as they are typically motivated by research rather than finan-
cial interests (Bietz et al., 2019; Hillebrand et al., 2023). However, the societal
value of donated data depends on the type of research and, in particular, on re-
searchers’ ethical and responsible use of the data.

Summarizing, this study defines data donations as: 1) an active and 2) unpaid
transfer of personal 3) trace data not generated for research to researchers. The data
is 4) intangible and reproducible, and collected 5) retrospectively. Consent is 6)
voluntary and informed, and 7) the study is intended to serve the common good.

To illustrate our definition more clearly, we provide examples of two data ty-
pes and research designs that do not align with it and are therefore excluded from
this study, namely genomic data and posthumous data sharing. First, our definiti-
on requires active data transfer by participants. In many cases, genomic data is
already held by researchers or medical professionals, and participants only con-
sent to its use, resembling data linkage rather than active donation. Second, our
focus is on trace data reflecting past behavior. Although genomic data is highly
personal, it does not capture behavior and is therefore not relevant to this review.
While it can originate outside research contexts, such as medical diagnostics or
ancestry services, it is often collected specifically for research, whereas our focus
is on data generated independently of research. Third, unlike the fourth aspect of
our definition, genomic data collection often involves a physical component, such
as providing tissue samples (e.g., Mezinska et al., 2020, p. 3). This entails physical
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loss and potential health risks, distinguishing it from the intangible nature of data
donations as defined here.

A second excluded example is posthumous data provision. In this case, consent
is not given retrospectively but earlier in life, when not all data donated at death
may yet exist. This violates the fifth part of our definition.

2.2 Research on participation in data donation studies

Participation bias in data donation studies is difficult to assess due to varying de-
finitions and uses of the term across disciplines. While common in communica-
tion research (e.g., Boeschoten et al., 2022; van Driel et al., 2022) and health re-
search (e.g., Bietz et al., 2019), it also appears in fields such as human-computer
interaction (e.g., Gomez Ortega et al., 2021), often with limited cross-disciplinary
awareness.

Literature on health-related data donations is most prominent in research (Su-
sha et al., 2019) and reports high rates of willingness to participate, ranging from
65% (Seltzer et al., 2019, p. 2) to 84% (Buhr et al., 2022, p. 9). In contrast, in
communication research, the likelihood of donation tends to fall below the mid-
point of a scale (e.g., Pfiffner & Friemel, 2023, p. 15) and donation rates are of-
ten quite low, around 20% (Hase & Haim, 2024; Keusch, Pankowska, et al.,
2024; Strycharz et al., 2024). Additionally, different types of data might be prone
to different perceptions and biases (e.g., Pak et al., 2022; Pfiffner & Friemel,
2023), as health data is perceived as more sensitive than social media data (Silber
et al., 2022, p. 401).

Altogether, findings on (non-)participation in data donation studies are often
not integrated. Thus, this review seeks to provide a comprehensive overview of
research, mapping factors that may influence (non-)participation. By including
multiple disciplines, it offers a broad perspective and insights beyond social media
donations. Therefore, we ask:

RQ1: What characterizes studies on willingness to donate (e.g., research
fields, methodology, hypotbetical vs. actual donation)?

2.3 What factors might influence data donations

To examine participation in data donation, we draw on Groves et al.’s (1992)
framework of survey non-response. It distinguishes three factors: (1) characteris-
tics of the sample person, (2) societal-level factors, and (3) attributes of the survey
design. As data donation studies typically lack face-to-face interaction, we exclu-
de interviewer-related aspects such as interviewer attributes and respondent—in-
terviewer interaction.

First, we adopt the category ‘characteristics of the sample person’, which we
term respondent characteristics. These are stable demographic variables, such as
age or gender, that are independent of the data donation context. Second, we ex-
amine situational influences, including ‘attributes of the survey design’ as adopted
from Groves et al. (1992) as one sub-dimension. This covers factors such as the
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wording of the data request, which can affect willingness to donate (e.g., Silber et
al., 2024). As a second sub-dimension, we add situational motivations, such as
privacy concerns. Unlike stable demographic variables, these can vary depending
on the situation and perceived risks or circumstances

Finally, we consider ‘societal-level factors’, referring to broader influences such
as legal frameworks (e.g., GDPR), national culture, or major events like health
crises. These factors shape general attitudes toward research and can influence
data-sharing behavior. Together, these categories structure our analysis of partici-
pation (see Fig. 1) and are discussed in the following sections.

Figure 1. Categories of analysis

2.3.1Respondent characteristics influencing non-participation

First, we lay a focus on respondent characteristics that influence participation,
also referred to as dispositional variables (Strycharz et al., 2024). Survey research
shows that such characteristics, including sociodemographic traits like gender
(Keusch, 2015, p. 189) and personal interest in the topic (p. 186), can affect par-
ticipation in research.

Similarly, research on data donation has observed differences between donors and
non-donors, for example, regarding political interest (Hase & Haim, 2024, p. 17),
age and digital and algorithmic efficacy (Strycharz et al., 2024, p. 15), as well as ge-
neral trust in research (Keusch, Pankowska, et al., 2024, p. 8) Therefore, we ask:

RQ2: Which respondent characteristics (e.g., sociodemographic characte-
ristics, device usage) are discussed as potential determinants of willingness
to donate?

2.3.2 Situational factors influencing non-participation

Situational factors influencing non-participation can be divided into two subcatego-
ries: Attributes of the survey design and situational motivations. According to
Groves et al. (1992, p. 477-478), ‘attributes of the survey design’ refer to study
characteristics and design choices that affect participation decisions. This factor is
also relevant for data donation studies, as elements such as the type of data reques-
ted can influence willingness to donate (Kmetty et al., 2024; Silber et al., 2024).
We also assume that situational motivations are relevant. In data donation stu-
dies, participants share personal data, so privacy concerns may influence partici-
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pation (Boeschoten et al., 2022; Ohme et al., 2021; Pfiffner & Friemel, 2023).
The Privacy Calculus framework helps explain this behavior, suggesting that indi-
viduals weigh potential benefits and risks when deciding whether to disclose in-
formation, though decisions may not always be rational or consistent with gene-
ral attitudes (Aquisti, 2004; Dinev et al., 2015).

This suggests that privacy concerns are not stable traits but context-dependent
states. Decisions are made within specific situations and thus reflect situational
motivations. Similarly, tendencies such as altruism, often considered a stable trait,
may also depend on context. Skatova and Goulding (2019) show that motiva-
tions for data donation extend beyond general altruism and are more context-
dependent. Accordingly, this study emphasizes situational factors influencing par-
ticipation in data donation.

RQ3: What situational factors (i.e., situational motivations and attributes
of the study) are discussed as influencing willingness to donate?

2.3.3 Societal-level influences on participation

Finally, Groves et al. (1992) identify ‘societal-level factors’ as influences on survey
participation, referring to the broader societal context of a request (p. 477). In
data donation, cultural differences may shape openness to data sharing across
populations. Legal frameworks such as the GDPR can influence both the feasibi-
lity of such research and public awareness of data access. Broader events, such as
health crises, may also affect attitudes toward research and willingness to donate
data. Consequently, the following research question is posed:

RQ4: What societal-level factors (e.g., cultural aspects, jurisdiction) are
discussed as influencing willingness to donate?

2.3.4 Which strategies might enhance participation?

Research on data donations has examined not only predictors of non-participati-
on (Pak et al., 2022; Pfiffner & Friemel, 2023; Silber et al., 2022; Strycharz et al.,
2024; Welbers et al., 2024) but also strategies to increase participation. In parti-
cular, ex-ante strategies targeting survey design are a key focus (de Ledn et al.,
2025; Hase & Haim, 2024). One approach is monetary incentives, which can be
effective for certain data types (Kmetty et al., 2024; Silber et al., 2022) though
they may introduce bias (Zannettou et al., 2023, p. 8).

Effective strategies must address the specific benefits and concerns of data do-
nation, and some studies have begun to explore these (de Leon et al., 2025; Hase
& Haim, 2024; Keusch, Pankowska, et al., 2024). For example, researchers may
offer personalized feedback or insights about participants’ data (Gomez Ortega et
al., 2021, p. 498). Addressing privacy concerns is also essential, for instance,
through strong data protection measures (e.g., Boeschoten et al., 2022, p. 408).

Nudges have also been proposed to increase survey participation. They are
defined as “any aspect of the choice architecture that alters people’s behavior in a
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predictable way without restricting options or significantly changing economic
incentives” (Thaler & Sunstein, 2008, p. 6). Like data donations, nudges aim to
promote behavior that benefits individuals or society.

One example is framing, used in survey design to increase willingness to dona-
te data. This can involve emphasizing the societal value of data donation (Hase &
Haim, 2024) or highlighting the potential loss of valuable data if individuals do
not donate (Keusch, Pankowska, et al., 2024). Although framing is not always
effective, nudges remain a promising strategy. This leads to our final research
question:

RQOS: What strategies (i.e., general or relating to study design) are propo-
sed in the literature to increase participation willingness?

3. Method

To address the research questions, we conducted a scoping review, a type of lite-
rature review used to map and organize diverse research fields (Arksey &
O’Malley, 2005; Levac et al., 2010). Scoping reviews capture the breadth of re-
search and identify overarching themes and trends (Arksey & O’Malley, 2005, p.
21). They also enable the integration of fragmented findings and the identification
of factors influencing a concept (Peters et al., 2020, p. 2122). This approach is
therefore well suited to examining factors influencing willingness to donate across
disciplines. A scoping review is more appropriate than a systematic review for this
study, as systematic reviews require narrowly defined questions on constructs, ef-
fect directions, or specific designs (Munn et al., 2018; Peters et al., 2020). This
would be difficult given the diversity of research on willingness to donate and the
exploratory focus of this study.

A research protocol (Booth et al., 2022; Peters et al., 2020; see online supple-
ment 1 in OSF) was developed in advance according to PRISMA-P guidelines
(Moher et al., 2015). The following section reports required elements and devia-
tions from the protocol in line with PRISMA-ScR guidelines (Tricco et al., 2018).

3.1 Outcomes

The primary outcomes aim to address the research questions by identifying fac-
tors examined in the literature, such as RQ2) respondent characteristics, RQ3)
situational influences, RQ4) societal-level influences on willingness to donate and
RQS) strategies to enhance participation. To address RQ1, we also examine the
scope of the literature across disciplines, trends over time, types of data donated,
and described donation processes.

3.2 Deviations from the protocol

We were unable to fully adhere to the research protocol, as outcomes such as ac-
tual donation and compliance rates were omitted. This was due to the inclusion
of many hypothetical studies, where such measures were not applicable. Additio-
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nally, willingness to donate was measured inconsistently across studies, for ex-
ample, through categorical responses (“yes”, “no”, “don’t know”; e.g., Buhr et
al., 2022) or continuous scales from 0 to 100% (Hillebrand et al., 2023), limiting
comparability. No measures of strategy effectiveness were reported.

Finally, the research question on situational influences was divided into two,

placing greater emphasis on societal-level factors as a distinct category.

3.3 Eligibility criteria

To be included, studies had to be published between January 1, 2018, and April
17,2023, when data collection occurred. The cutoff reflects the introduction of
the GDPR, which likely facilitated data donation research. In the same year, iOS
and Android introduced phone usage statistics (Android.com, 2018, September
25; Apple Inc., 2018, September 25), enabling access to behavioral data that can
be donated, for example, via screenshots (Ohme et al., 2021).

Studies were selected based on inclusion criteria aligned with our definition: 1)
an active and 2) unpaid transfer of personal 3) trace data not generated for re-
search to researchers. The data must be 4) intangible and reproducible, 5) collec-
ted retrospectively, with 6) voluntary and informed consent, and 7) an aim to
serve the common good.

To focus on literature relevant to the research questions, we excluded studies
on 1) feasibility, 2) ethics, 3) legal reviews, 4) technical frameworks, and 5) appli-
cations of data donation without a focus on participation or bias. To comprehen-
sively understand factors influencing willingness to donate, both empirical and
theoretical work were considered. Grey literature was not systematically searched,
but was included if identified.

3.4 Search strategy

To identify primary literature, we conducted database and Google Scholar searches
using the same terms. The databases included 1) Web of Science, 2) ScienceDirect,
3) EBSCOhost (Business Source Complete, Academic Search Complete, Communi-
cation & Mass Media Complete, APA PsycInfo, APA PsycArticles, and Informati-
on Science & Technology), and 4) ACM Digital Library. Search results were down-
loaded as BibTeX files for screening. For Google Scholar, only the first five result
pages were considered due to the high number of results (Haim et al., 2018).

To identify secondary literature, we consulted an expert (e.g., Booth et al.,
2022), who suggested relevant studies after being briefed on the review’s goals.
We also conducted a backward citation search (Peters et al., 2020) by screening
references of included studies and reviewing abstracts of unfamiliar but potenti-
ally relevant sources.

Search terms were developed in English and German and refined based on ex-
pert feedback: “Data don*” OR (donat* AND “Digital Trace”) OR (“usercentric”
AND donat*) OR (“user-centric” AND donat*) OR (“user centric” AND donat*)
OR Datenspend* OR “Daten spend*”. Where truncation was not possible, data-
base-specific filters were applied.
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3.5 Selection process

The first stage of the selection process (Fig. 2), abstract screening, was conducted
using Rayyan.ai (Kellermeyer et al., 2018). BibTeX citations from database
searches were uploaded, and papers were manually labeled as included for full-
text screening or excluded based on their abstracts. Missing abstracts were retrie-
ved and screened manually. Additional features of Rayyan.ail, such as word
clouds, were not used. Google Scholar results and secondary literature were docu-
mented in a Microsoft Word file, where eligibility decisions were also recorded.

In the second stage, full texts were screened in Citavi2, and eligible studies un-
derwent backward citation screening. After the selection process (Fig. 2), 30 artic-
les were included (see online Appendix 2). Exclusions labeled “Citation didn’t
exist” refer to three database entries for which no corresponding publications
could be identified.

Figure 2. Selection process

Notes. ny = Database; ng = Google Scholar; n; = Expert feedback; n; = Backward search

1 https://www.rayyan.ai/
2 https://www.citavi.com/de
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3.6 Data charting

Data charting included both empirical findings and theoretically discussed factors
and strategies reported in the papers. Categories were predefined (online supple-
ment 1 in OSF) and revised after charting the first five articles.

We excluded categories such as goals or research questions, population, sample
size, key findings, strategy effectiveness, donated data, initial response rate, and
compliance rate, as these outcomes were often unavailable due to the hypotheti-
cal nature of many studies. We added the categories “type of publication” and
“applied strategies or incentives to enhance participation,” and refined others to
better capture the construct of interest (online supplement 3 in OSF).

Study fields were coded by the first author, primarily based on the journals.
When unclear, the paper’s main topic and author affiliations were considered, and
a second field was assigned when necessary.

3.7 Data analysis

The analysis strategy was not specified in the research protocol due to the unpre-
dictable diversity of the data. We conducted an inductive thematic analysis (Braun
& Clarke, 2006), a method used in scoping reviews (e.g., Severin-Nielsen, 2023)
to identify themes, here understood as influencing factors. Relevant text passages
were abstracted, summarized, and consolidated into overarching factors (Tab. 1).
These were included as subcategories to describe the identified factors (online
supplement 4 in OSF).

Table 1. Example of data analysis

Abstraction Factor Subcategories
“Patients also expressed concerns about po-
tential data and privacy breaches” (Seltzer et Privacy
al., 2019, p. 3) concerns
“Willingness toward sharing PHD is related ) )
with privacy and security considerations.” Pr vacy & ) Security con-
(Karampela et al., 2019, p. 9) security Privacy cerns, nega-

concerns concerns | tive experi-
ences

“Privacy-Related Experiences: )
- Was the victim of fraud and/or identity PflVﬁCY‘f?lated
theft” (Hendricks-Sturrup et al., 2022, p. §) negative

experiences
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4. Results
4.1 Descriptive overview of studies’ characteristics

Of the 30 publications, 26 are journal articles, three are conference papers (Diet-
hei et al., 2021; Gomez Ortega et al., 2021; Maus et al., 2020), and one is an es-
say (Bietz et al., 2019). Online appendix 5 details study categorizations.

Regarding RQ1, which examines disciplinary background, methodology, and
focus on hypothetical versus actual donations, health research dominates the
sample (n = 17), followed by communication (n# = 9), which often has a methodo-
logical focus.

Figure 3. Disciplines of included studies

Note. The upper section of the bar in darker color indicates studies with a methodological focus.

Examining the publication years (Fig. 4), an upward trend up to 2023 can be
shown. The decrease seen in 2023 is likely due to data collection ending in April.
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Figure 4. Publications over time

Note. The timeframe investigated for this study lays within January 2018 to April 2023

Regarding methodological approaches (Tab. 2), surveys are most common
(n = 12), followed by actual data donation studies (rz = 9), interviews (1 = 3), the-
oretical discussions (7 = 3), experiments (1 = 2), and focus groups (z = 1). Table 2
provides a more detailed breakdown, with the “Total” row indicating how many
studies primarily used each method.
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Table 2. Detailed classification of methodological approaches included studies used

Data . Qualitative Theoretical | Focus
. Experiment | . Survey
donations interview work groups
+ Theoretical 1
discussion
+ Diary 1
+ Survey N
- 2
- 2
+ Content 1
analysis
+ Participant 1
observation
- 1
- 12
+ Discussion 1
group
- 2
- 1
Total 9 2 3 12 3 1
Notes. “+” indicates the method in the column was combined with the one in the row; “=” means no

additional method was used. E.g., “5” in the Data Donation column and “+Survey” row means five

studies primarily used data donation and also included a survey. The “2” in the Data Donation column
and “~” row shows two studies only using data donations.

Further analysis shows that most studies (7 = 18) examine hypothetical willing-
ness to donate data. This is followed by actual donations (# = 7) and purely theo-
retical perspectives (z = 3) and studies investigating hypothetical scenarios along
with an actual donation (7 = 2).

Investigating the kinds of data the studies (hypothetically) requested (Tab. 3),
we can see that health research dominates once more.
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Table 3. Data types included studies investigated

Investigated data types

Z

Health data

—_
o]

Social media

Finance data

Google searches

Other (e.g., ‘machine data’, voting history)
Smartphone usage (e.g., battery, screen-time)
Moobility (e.g., ride sharing, GPS data)

Musik streaming

NS ST S R O R O e N NENe)

Communication (e.g., mail records, text messages)

Note. One study can investigate more than one data type.

Concerning the donation processes (Tab. 4), the precision of questions and de-
scriptions varies. Most studies (7 = 14) do not explicitly state which donation
process they assume, often just asking for willingness to donate a certain data
type (e.g., Pilgrim & Bohnet-Joschko, 2022) or concerns when donating data
(Hendricks-Sturrup & Lu, 2023).

Table 4. Donation methods investigated

Investigated donation method N
Unspecified 14
Data upload through websites or surveys 6
Specialized tool (DDPs) S
Through apps 5

Note. One study can investigate more than one donation process.

4.2 Respondent characteristics

Table 5 shows how many studies discussed respondent characteristics as potenti-
ally influential on willingness to donate, addressing the second research question,
and showcases exemplary subcategories. Online appendix 5 shows assignments,
which studies count into which category.
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Table 5. Respondent characteristics influencing willingness to donate

Emp. Theor.  Exemplary subcategories

Sociodemographic 13 2 | Age, gender, education, ethnicity, migration back-
ground, income

Technical skills 3 6 | Media & technology literacy, technological affinity

Device usage 6 2 | Frequency of App use, platform usage

Characteristics related N 2 | Politics: Political interest & political efficacy

to the study Other: Health status, news consumption

Other characteristics 5 0 | Trust, Big Five personality traits, other donation
behavior

Research compliance 2 2 Participation in experiments, attitudes to surveys

Device ownership 4 0 | Type of device, operating system

Notes. One study can investigate more than one factor. Column ‘emp. Summarizes the number of
studies empirically investigating the concept, ‘theor.” theoretical discussions.

First, sociodemographic factors such as gender, age, and income are frequently
discussed as influencing willingness to donate (# = 15). Hypothetical studies often
report negative effects of age (Hillebrand et al., 2023; Karampela et al., 2019;
Kaspar, 2020; Pilgrim & Bohnet-Joschko, 2022). When gender effects are signifi-
cant, men tend to be more willing to donate data in both actual (e.g., Silber et al.,
2022) and hypothetical contexts (Karampela et al., 2019; Pilgrim & Bohnet-
Joschko, 2022).

Technical skills (7 = 9) and device usage (7 = 8) are also commonly identified
as relevant respondent characteristics.

Study-related characteristics (# = 7) further influence participation. For examp-
le, individuals with a disease may be more willing to contribute to related re-
search (Karampela et al., 2019). Physical activity can also matter, as individuals
may hesitate to share fitness data if they perceive themselves as insufficiently acti-
ve or not fitting certain health ideals (Toepoel et al., 2021, p. 4).

Finally, other personal characteristics (#z = 5), such as Big Five traits, general
research compliance (1 = 4), and device ownership (1 = 4), are also linked to wil-
lingness to donate.
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4 3 Situational factors

Table 6 provides an overview of situational motivations that potentially influence
willingness to donate. This is complemented by Table 7, which summarizes the
findings on the attributes of the study design. Together, they answer the third re-
search question.

Table 6. Situational motivations influencing willingness to donate

Emp. Theor. Exemplary subcategories
Privacy 18 4 | Concerns on data storage, negative privacy related experiences
concerns
Egoism 10 3 | Positive: Direct or future benefit
Negative: Direct loss
Altruism 10 2 | General: Desire to help others and contribute to social welfare
Collectivism: Benefit for direct community
Impure altruism: Indirect reciprocity
Reluctant altruism: Perceived need for donation

Notes. One study can investigate more than one factor. Column ‘emp.” Summarizes the number of
studies empirically investigating the concept, ‘theor. theoretical discussions

Most studies identify privacy concerns (7 = 22) as a key factor influencing wil-
lingness to donate. These include concerns about data use and prior experiences
with privacy breaches (e.g., fraud). Most studies find a negative effect on actual
donation (e.g., Ohme et al., 2021; Pak et al., 2022) or willingness to donate (e.g.,
Hillebrand et al., 2023; Karampela et al., 2019). Some report effects only for spe-
cific data types or inconclusive results (Hendricks-Sturrup et al., 2022), likely due
to varying operationalizations.

Egoism (7 = 13) is also frequently discussed. Participation may increase when
personal benefits are expected but decrease when participants anticipate risks or
losses, such as concerns about consequences of sharing online searches.

Altruism (7 = 12) is another key factor with several forms. These include pure
altruism, the desire to contribute to the common good (Skatova & Goulding,
2019), and collectivism, the intention to support one’s community (Diethei et al.,
2021, p. 7). Impure altruism reflects self-interested motives, such as expectations
of indirect reciprocity, where individuals believe others will also donate, enabling
mutually beneficial research (Hillebrand et al., 2023; Skatova & Goulding, 2019).
This aligns with findings that individuals are more willing to share data when
they expect others to do so (Pilgrim & Bohnet-Joschko, 2022, p. 9). Finally, reluc-
tant altruism occurs when individuals donate because they perceive a need and
believe others will not contribute (Skatova & Goulding, 2019, p. 3).
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Table 7. Attributes of the study design influencing willingness to donate

Emp. Theor. Exemplary subcategories

Data types 8 4 Sensitivity of data, data granularity, perceived
relevance of data

Recipient of the data 9 2 Trust in recipient of the data, attitudes to-
wards recipient of the data, type of institu-
tion receiving data

Understanding & impact 9 1 Understanding: Perceived value of study for
society or research

Impact: Perceived impact of one’s contribu-
tion, uncertainty about value of contribution

Conditions of sharing 8 1 Recipient of the data: Commercial vs. aca-
demic

Donation process: Type of donation process,
trust in process

Purpose of the study 5 2 Attitudes towards the purpose of the study

Control in the process 4 1 Autonomy and sovereignty, perceived behav-
ioral control

Transparency 3 1 Accountability for data and research

Technical problems 1 3

Presentation & explanation 1 2 Question positioning and posing, evaluation
of survey

Effort of participation 0 3 Forgetting to participate

Informed consent 2 1 Understanding the consent, type of consent

Notes. One study can investigate more than one factor. Column ‘emp.” Summarizes the number of
studies empirically investigating the concept, ‘theor.” theoretical discussions

A key study design factor is the type and sensitivity of requested data (n = 12).
Health data is often perceived as more sensitive than social media data, reducing
willingness to donate (Silber et al., 2022). However, perceived relevance also mat-
ters, as the research value of health data may be more apparent to participants.
Trust in the data recipient (7 = 11) is another important factor.

Understanding and perceived impact (# = 10) also influence participation. Par-
ticipants may be more willing to donate if they understand the study’s purpose
and believe their contribution is meaningful, highlighting the importance of clear
communication.

Willingness further depends on sharing conditions (# = 9), such as whether re-
searchers are from academic or industry contexts and how trustworthy the dona-
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tion process is. The study’s purpose (17 = 7) also matters, as positive attitudes to-
ward it can increase participation.

Control over the donation process (# = 5) is another factor. Allowing partici-
pants to review or delete data can enhance perceived control and encourage par-
ticipation.

Less frequently discussed factors include transparency (7 = 4), technical issues
(n = 4), and clarity of presentation and explanation (n = 3). Effort required to
participate (7 = 3) may also reduce motivation or lead to non-participation. Fi-
nally, informed consent (z = 3), including clarity and potential time constraints,
can influence willingness to donate.

4.4 Societal-level influences

Societal-level influences played a minor role in literature. However, those that
were discussed are summarized in Table 8 in response to the fourth research ques-
tion.

Table 8. Societal-level influences on willingness to donate

Emp. Theor. Exemplary subcategories

Contextual sensitivity 3 3 Relevance of time of (health-) crisis, concrete con-
cerns for the community

Country & culture 2 1 East vs. West Germany, rural vs. urban, degree of
digitalization of the country

Notes. One study can investigate more than one societal-level influence. Column ‘emp.” Summarizes
the number of studies empirically investigating the concept, ‘theor.’ theoretical discussions

We identified contextual sensitivity (# = 6) as a factor influencing willingness to
donate. In particular, crises, such as pandemics, can increase participation, as
heightened health concerns may shape behavior.

Country and culture (7 = 3) also emerged as relevant influences. Factors such
as levels of digitalization and whether individuals live in rural or urban areas may
affect willingness to donate data.

4.5 Strategies

Finally, answering the fifth research question, we want to shed light on strategies
that might augment willingness to donate, once more divided into general and
those specifically relating to study design (Tab. 9 & 10).
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Table 9. General strategies to augment willingness to donate

n  Exemplary subcategories
Benefits Offering Insight into data, visualizations
benefits
Monetary 7 | Sweepstakes, direct payments
incentives
Community 2 | Establishing community for exchange or compari-
son
Communication Address 5 | Emphasizing the societal relevance of study
altruism
Emphasize the | 4 | Providing information on value of contribution,
relevance emphasizing the need for donation, applicability of
study results for the greater good
Express 2 | Involving participants in the research process, ac-
appreciation knowledging participants contribution
Nudges Reminder 3 | Sending reminders
Framing 2 | Framing contribution of data as a donation, pro-so-
cial framing
Individualiz- 1 | Addressing participants motivations
ing messages
Timing 1 | Posing request after participants already shared
some data, event-based requests
Manipulation Personal 1 | Utilizing the higher compliance typically observed
recruitment in in-person interactions
Hidden 1 | Intransparent requests leading to inadvertently or
request unknowingly agreement to participate

Note. One study can investigate more than one strategy.

To increase willingness to donate, studies may offer benefits (z = 4), appealing to
egoistic motivations. These include personalized products (Gémez Ortega et al.,
2021, p. 498) and monetary incentives (z = 7), though optimal incentive levels
remain unclear (e.g., Silber et al., 2022). Establishing communities (z = 2) for
sharing or comparing donated data has also been suggested.

Effective communication is essential. Emphasizing study relevance (# = 4) and
appealing to altruism (7 = §) can encourage participation, while expressing appre-
ciation (7 = 2) may target egoistic motives.

Nudges offer additional strategies, such as reminders (7 = 3) to reduce forget-
fulness and framing (7 = 2) to activate altruistic motivations. Other approaches
include tailoring messages to individual motivations (7 = 1) and timing requests
strategically (n = 1), for example, when participants are already sharing data.

Some studies also discuss manipulative techniques, such as personal recruit-
ment (7 = 1) or hidden requests (n# = 1), though these raise ethical concerns (Pilg-
rim & Bohnet-Joschko, 2022, p. 8).

320 SCM, 15.Jg., 3/2026

https://doi.org/10.577" libr - Open A



https://doi.org/10.5771/2192-4007-2026-3-011 
https://www.inlibra.com/de/page/agb
https://creativecommons.org/licenses/by/4.0/

Schmidbauer/HaRler | Why do people (not) donate their data?

Finally, strategies related to study design (Tab. 10) are closely linked to the
identified design attributes influencing willingness to donate (Tab. 7).

Table 10. Strategies relating to study design attributes to augment willingness to
donate

n  Exemplary subcategories

Cultivating trust 14 | Collaborations with trustworthy partners, no commercial use
of data
Privacy protection 10 | Local processing, data minimizing, anonymizing, respecting le-
& emphasis gal guidelines
Reducing burden & 9 | Execution: Offering instructions and technological support
effort
Preparations: Embedded requests, simplifying processes & in-
terfaces
Autonomy & 8 | Data types: Offering participants the possibility to filter and
control delete parts of their data

Other: Usage of familiar devices, possibility to drop out

Informed consent 7 | Intelligibility of consent: Participants should understand con-
sent forms

Appropriateness of consent: Transparent and potentially selec-
tive consent

Data types 5 | Asking for less granular and sensitive data

Notes. One study can investigate more than one strategy. Column ‘emp.” Summarizes the number of
studies empirically investigating the concept, ‘theor. theoretical discussions

First, cultivating trust (z = 14) is widely recommended, for example, through col-
laboration with trusted partners (Diethei et al., 2021, p. 11) or involvement of
ethics boards (Boeschoten et al., 2022, p. 409). Trust improves perceptions of
data recipients and transparency and can mitigate privacy concerns (Juga et al.,
2021).

Given the prevalence of privacy concerns, strong privacy protection and clear
communication of safeguards are essential (7 = 10). Aligning measures with par-
ticipants’ expectations can increase trust and willingness to donate.

Reducing effort and burden (7 = 9) is also important to prevent dropouts. This
includes simplifying procedures and offering technical support to address limited
skills.

Increasing autonomy and control (1 = 8) is another key strategy. Allowing par-
ticipants to review, select, or delete data can enhance control, awareness, and di-
gital literacy (Buhr et al., 2022, p. 10; Gomez Ortega et al., 2021, p. 497). Howe-
ver, greater perceived control may improve attitudes toward sharing while
reducing willingness to share (Juga et al., 2021, p. 53). Clear and appropriate in-
formed consent is also recommended (1 = 7).

Finally, requesting appropriate data types (n = 5), particularly less sensitive
data, can increase willingness to donate. While research needs may limit this, data
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minimization should be considered (Hakobyan et al., 2025; Ohme & Araujo,
2022, p. 1).

5. Discussion

The aim of this scoping review was to examine research on participation in data
donation studies and factors influencing willingness to donate.

First, we analyzed what characterizes the literature on willingness to donate.
To date, the number of studies is relatively small, with more than half of the stu-
dies under investigation originating from a health context. This is important, as
concerns about data donation may vary across fields. In health contexts, data is
often perceived as particularly sensitive, but its potential value and benefits for
others (Kulzer et al., 2022) may also be more salient.

Most studies examine hypothetical willingness to donate and use a variety of
measurement approaches. This reliance on hypothetical designs is a limitation, as
such studies may overestimate actual participation rates. However, since this stu-
dy was conducted, more research has begun to include actual data donations
(e.g., Keusch, Pankowska, et al., 2024; Strycharz et al., 2024). While surveys pro-
vide insight into attitudes, stated intentions do not always translate into behavior.
Research on the privacy paradox (e.g., Norberg & Horne, 2007) highlights this
gap. For example, individuals often report concerns about sharing data with com-
panies but still do so for minor benefits. In the context of data donation, the op-
posite pattern may occur: Individuals may express support for donating data for
research but refrain from doing so, possibly due to the absence of immediate
personal benefits.

When measuring hypothetical willingness to donate, wording is crucial. A lack
of specificity about the donation process can influence responses. Some studies
ask about willingness without clarifying how or under what conditions data
would be donated, which is problematic given that study attributes affect decisi-
ons. For example, the method of data collection, such as via a platform or questi-
onnaire, can lead to different levels of willingness (Toepoel et al., 2021, p. 8).

Second, we examined respondent characteristics. Studies most often focus on
sociodemographic factors, with men generally more likely to donate, as well as
technical skills and device usage. Study-related characteristics are also relevant.
For instance, individuals may choose not to donate fitness data due to low activi-
ty levels (Toepoel et al., 2021, p. 4), which may introduce social desirability bias
in participation decisions rather than in the data itself.

Regarding the third research question on situational factors, privacy concerns,
egoism, and altruism emerge as key motivations. However, general altruism alone
has limited explanatory power, as other mechanisms and forms of prosocial beha-
vior also shape participation (Skatova & Goulding, 2019, p. 12).

Altruism can take different forms, including impure, reluctant, and collectivist
altruism. The latter is particularly relevant, as individuals may struggle to see how
their contribution benefits broader society. Framing donations as supporting an
immediate community can make participation more tangible. For example, indi-
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viduals who have lost someone to suicide may better recognize the value of their
contribution when it supports prevention research (Sleigh, 2018, p. 4).

Regarding study design attributes, the literature highlights data types, the data
recipient, and participants’ understanding of the study and its impact. These can
be interpreted through the Theory of Contextual Integrity (Nissenbaum, 2010),
which conceptualizes privacy as appropriate information flow based on context-
specific norms. These norms involve actors (e.g., recipients), attributes (e.g., data
types), and transmission principles (e.g., conditions of sharing). Willingness to
donate may therefore depend on whether study attributes align with participants’
expectations of appropriate data flows, which can also foster trust.

Our findings suggest several practical recommendations for designing data do-
nation studies. Researchers should follow established best practices to ensure
ethical and methodological standards (Carriere et al., 2024; Ohme & Araujo,
2022). At the same time, they must carefully select and prepare requested data
while considering structural constraints, particularly those related to DDPs, who-
se content and format are controlled by platforms (Hase et al., 2024).

To address technical difficulties and reduce effort, lowering barriers to partici-
pation should be a priority. This includes clear instructions and support services,
such as help desks, to guide participants.

Aligning data requests with participant preferences, for example, by avoiding
highly sensitive data, can build trust and support data minimization. Whitelists
can help achieve this (Hakobyan et al., 2025; Ohme & Araujo, 2022). Allowing
participants to remove parts of their data can further increase perceived control
and autonomy.

If the study design cannot be adapted due to specific data requirements, com-
munication becomes even more important. Transparency about data handling can
help address privacy concerns, although it may also increase their salience (Mar-
reiros et al., 2017, p. 10). Communicating the non-commercial nature of the re-
search and adhering to ethical standards can strengthen trust. Emphasizing the
societal relevance of the study and the impact of individual contributions can
further increase willingness to participate. Offering meaningful incentives, such as
personal data insights, may also enhance motivation.

Furthermore, nudges may be an effective strategy to increase willingness to
donate data, for example, through reminders or careful timing of requests. In
contrast, manipulative strategies such as hidden requests can be considered forms
of “sludge,” meaning illegitimate interventions that provide no benefit to indivi-
duals or society (Thaler, 2018, p. 431). Such practices should be avoided, as they
may undermine autonomy and comfort, erode trust in research, and reduce wil-
lingness to participate in the future. Study design strategies should therefore prio-
ritize transparency, non-manipulation, and responsible use of behavioral interven-
tions.

Altogether, strategies to increase willingness to donate require further investi-
gation. While they cannot address all biases inherent in data donations, such as
sampling bias from hard-to-reach populations, they can improve participation
among accessible groups. If the goal is to increase response rates within these
groups, the strategies and factors outlined here should be considered. However,
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there is no universal solution, and not all ex-ante strategies are effective in every
context (Hase & Haim, 2024; Keusch, Pankowska, et al., 2024). Complementary
approaches, such as retrospective statistical correction, may therefore be valuable
(Pak et al., 2022).

It remains important to identify which strategies are effective in specific con-
texts to encourage donations. This is particularly relevant in communication re-
search, where data donations enable the study of digital behavior and key societal
issues, such as algorithmic personalization and online participation, that are dif-
ficult to examine accurately with other methods.

Future research requires a more consistent understanding of variables such as
technical skills and willingness to donate. However, these measures must remain
context-sensitive. For example, the skills needed for screenshot donations differ
from those required for handling DDPs, so measurement tools should reflect these
specific demands. Developing comparable measures for each task would improve
consistency across studies.

Furthermore, privacy concerns also vary by data type and sensitivity. Concerns
about private chat data in DDPs may center on potential data leaks, whereas con-
cerns about social media data may relate to repercussions for expressed opinions.

This study has several limitations. First, data donation is a relatively new re-
search method, and the field is evolving rapidly. Since this study was conducted,
additional literature has emerged, particularly in communication research (e.g.,
de Leon et al., 2025; Haim & Hase, 2024; Keusch, Pankowska, et al., 2024; Sil-
ber et al., 2024; Strycharz et al., 2024). The review should therefore be seen as a
snapshot of the field at a specific point in time. As research continues to grow,
updating this work or conducting full reviews may prove valuable, as demonstra-
ted by the review conducted by Xiong et al. (2025).

Methodologically, data charting, extraction, and analysis were conducted by
only one of the authors, despite recommendations for multiple coders to enhance
reliability (Booth et al., 2022; Levac et al., 2010). This was mitigated in part by
consulting an expert on suggestions for literature at key stages. The review also
did not include forward citation searching. Although backward reference scree-
ning was conducted, future reviews should combine both approaches to improve
coverage.

Additionally, Google Scholar screening was limited to the first five pages. While
relevance declined after the first three pages, applying a fixed cutoff risks omitting
relevant studies. Future reviews should consider more flexible stopping criteria
based on relevance and saturation.

Second, the relatively small number of included studies (z = 30) is a limitation,
resulting from the strict definition of data donation. This narrow scope was ne-
cessary, as data collection and sharing procedures are central to understanding
participation. Given the limited literature, five studies with unclear procedures
were included if they plausibly involved data donation and contributed to under-
standing willingness to donate.

Finally, most studies originate from a health context, which may limit genera-
lizability. In health research, individuals tend to be more willing to donate data
(e.g., Buhr et al., 2019) and may view it as a social duty (Skatova & Goulding,
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2019). This may not apply to other contexts, such as information-seeking re-
search (Blassnig et al., 2023), where willingness may differ. Findings should there-
fore be interpreted as context-dependent.

At the same time, the interdisciplinary nature of data donation research offers
opportunities. Communication research in this area is still emerging and depends
on recent developments in data access. Insights from other fields, where data sha-
ring has been studied longer, can provide valuable input, encourage new perspec-
tives, and support reflection on how findings apply to communication research.

Differences in definitions across disciplines require scrutiny to ensure a shared
understanding, especially in cross-disciplinary collaborations. Establishing com-
mon terminology and methodological standards is essential for effective coopera-
tion. When this is achieved, such collaborations can be highly productive. For
example, social media data can be relevant not only to communication research
but also to health research on mental well-being (Sleigh et al., 2018).

6. Conclusion

In conclusion, this study provides an overview of factors influencing willingness
to donate and offers insights into strategies that may increase participation in
data donation studies. It highlights participation bias in this context and presents
actionable recommendations for study design.

To encourage participation, researchers should prioritize trust, transparency,
and ethical standards such as data minimization. While not all studies can fully
align with participant preferences, reducing effort and providing support remain
important. Additionally, nudges and improved communication can be effective. In
communication research, emphasizing societal relevance and individual benefits
may further enhance engagement.

Considering these aspects can help make data donation studies more partici-
pant-centered, ethically sound, and impactful.

Nonetheless, beyond participation bias, other biases related to trace data must
also be considered (Amaya et al., 2020; Keusch et al., 2023). Further research is
needed to assess these limitations. Researchers should carefully select methods,
samples, and measurements, particularly during study design, to minimize bias.

Overall, data donations offer strong potential for communication research by
leveraging digital trace data to better understand societal phenomena and behavi-
or, while helping address limitations of traditional methods. To fully realize this
potential, future research should continue to examine participation motivations
to improve methodology, mobilization, and representativeness.
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