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ABSTRACT
Data donations are a method to access user-level digital trace data, as they 
provide fine-grained measures of content exposure on social media. The 
interest in data donation as a data collection method is accompanied by 
a broad uncertainty about the reasons that drive the donation of data by 
users. The current literature lacks comparative analysis across various plat
forms. This study investigates platform-specific predictors for data donation 
behavior of a non-probability quota sample of German social media users (N  
= 2,296) for YouTube, Facebook, Instagram, and TikTok and the resulting 
non-response biases. Based on the analysis of 340 data donation packages, 
we find that participants are less likely to donate TikTok data compared to 
the other platforms. Gender is the main driver during the willingness step for 
drop offs, while political leaning is a key predictor for all platforms except 
Facebook during the donation stage. Data donors tend to self-report less 
active social media usage with news and political content than those who do 
not donate data. Our findings highlight the importance of considering plat
form-specific differences in expected donation rates, biases, and the poten
tial for discrepancies between indicated willingness and actual donation 
behavior when designing and interpreting data donation studies.

Introduction

With the opportunity for social media users to request the data large online platforms have harnessed 
and stored about them at any time, a novel data collection method for user trace data is emerging in 
recent years: asking participants to donate their data download packages (DDPs) that they can 
personally request from digital platforms. This fine-grained and nonreactive approach to accessing 
user trace data receives increasing interest in computational communication science (e.g., Breuer et al.,  
2022; Hase et al., 2024; Ohme & Araujo, 2022; Ortega et al., 2023; Otto et al., 2024). We understand 
data donations specifically as data acquired by participants that platform providers have collected on 
them, which are subsequently donated for research purposes. Other types of self-collected data (e.g., 
screenshot upload) and automated tracking approaches (e.g., tracking apps Reeves et al., 2021; Toth,  
2023) must be distinguished from the data donation approach discussed in this paper, as they differ in 
key characteristics of data collection methods, such as reactivity, the ability to obtain informed 
consent, and the temporal scope and detail covered by the collected data (Christner et al., 2021; 
Otto et al., 2024; Wu-Ouyang & Chan, 2023).
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DDPs can provide novel detail and insight into user behavior, offering a passive and scalable 
approach to gathering user information (Ohme et al., 2024). These fine-grained data give researchers 
a promising basis for applying computational methods, such as automated content analysis (Semenova 
et al., 2024; van Hoof et al., 2024; Wedel et al., 2024), linkage analysis (De Vreese et al., 2017; Pouwels 
et al., 2023), network analysis (Kahlert, 2024), and sequence analysis (Fan et al., 2025), in various 
research contexts, such as search behavior on political referendums (Blassnig et al., 2023), the content 
of direct messages on Instagram (Verbeij et al., 2024), and the context in which such traces are 
generated (Ortega et al., 2022).

Importantly, this data collection method is not without caveats. The process of requesting, 
downloading, and finally donating DDPs requires an increased effort from participants, which 
makes the donation rate (the fraction of eligible and consenting participants that eventually 
donate) less predictable than the response rates in traditional survey data collection (e.g., Hase 
& Haim, 2024; Pfiffner, Reiss, et al., 2024; Welbers et al., 2024). Therefore, data collected in 
such a way are prone to various sample and non-response biases, including undercoverage, 
self-selection, and compliance biases (Boeschoten et al., 2022; Bosch et al., 2024; Breuer et al.,  
2020).

The promise of data donations as a data base and the difficulties in its collection have received 
increasing attention in the research community. Research looked at predictors of participants’ will
ingness to donate their data and of the actual donation behavior separately and how biased DDP 
samples are relative to the target population (e.g., Hase & Haim, 2024; Keusch et al., 2019; Strycharz 
et al., 2024). Previous research found that factors such as age, gender, pro-social attitude, monetary 
incentive, and participants’ political orientation can affect users’ willingness and actual donation 
behavior (e.g. Kmetty et al., 2024; Pfiffner & Friemel, 2023; Welbers et al., 2024).

However, two important research gaps remain. First, it is an ongoing question how the sub-sample 
that is willing to donate and the sub-sample that actually donates differ. Recent work on this 
comparative perspective is limited to findings on Dutch Facebook users showing that older age 
plays a role in drop-out rates at both stages of the process, while being female only impacts willingness, 
not actual donation behavior (Strycharz et al., 2024) and German social media users where no major 
differences in significant predictors between willingness and actual donation behavior were found 
(Hase & Haim, 2024). Another study of German Facebook users found that being female reduced 
willingness, but had no impact on actual donation behavior (Keusch et al., 2024). Second, to date, little 
is known about whether established predictors are applicable across different platforms. Specifically, 
for the willingness to donate, evidence shows that participants are more willing to donate YouTube 
data compared to Google, Instagram, and Facebook (Pfiffner & Friemel, 2023). In addition, compara
tive findings on differences between data sources (health app, sensor, Facebook, etc.) or data sharing 
forms (sharing username, web tracking, etc.) beyond DDPs point to significant differences in biases 
and user behavior depending on the requested platforms (Beuthner et al., 2024; Silber et al., 2022). 
However, a systematic analysis of predictors of donation behavior for different social media platforms 
is still missing. Recent work on this focuses on one platform (Keusch et al., 2019; Strycharz et al., 2024) 
or does not differentiate between different platforms comparatively (e.g., Hase & Haim, 2024; Welbers 
et al., 2024). The lack of research on cross-platform donation behavior is problematic because under
standing users’ comprehensive social media behavior often requires considering their activity across 
multiple platforms, similar to how a single-device approach may not fully capture a user’s digital 
footprint (Bosch et al., 2024).

This paper addresses both research gaps. Based on a German quota sample, we compare the 
predictors of willingness and actual donation behavior for YouTube, Facebook, Instagram, and 
TikTok users and the resulting non-response biases, giving future studies a more comprehensive 
basis to understand the potential cross-platform differences between drivers for data donation will
ingness and actual donation behavior. It also unravels the opportunity to improve data donation 
procedures if we understand who the users are that are generally willing to donate but do not donate in 
the end. Our findings show that it is a fallacy to assume similar biases for donor samples, regardless of 
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the platform for which they are asked to donate. We find differences between platforms and donation 
stages with respect to age, gender, use of social media for news and political information, and political 
leaning.

In the following, we begin by establishing our data collection pipeline and the relevant terminology, 
followed by a review of previous research to establish our research questions. We then present our 
methods and results before concluding with a discussion of our findings.

The DDP collection pipeline

The DDP collection pipeline commonly follows a similar set of steps and was depicted for different 
purposes in previous work (Boeschoten et al., 2022; Strycharz et al., 2024). This study focuses 
specifically on the collection of data donations facilitated by a non-probability online panel provider 
and provides in this section a description of such data collection pipeline for contextualization and 
transparency. Although there are other recruitment strategies, access panels remain the most robust 
approach (Pfiffner, Reiss, et al., 2024).

We distinguish the DDP collection pipeline in this paper broadly into four phases (see Figure 1). 
Beginning with phase one, for which the panel provider invites their A) panel members who upon an 
initial informed consent procedure enter the survey as B) consenting participants. Only participants 
that are still needed to fulfill the set quotas (e.g., age, gender, education) proceed with phase two, the 
survey. For this study, only those respondents who complete the survey and who use at least one of the 
platforms for which we collect DDPs are C) eligible respondents. For participants who complete phase 
one and phase two, we have survey data to explore the differences of the collected sample in terms of 
what predicts participants to move on or drop out. In this pipeline, the survey is placed before the data 
donation. We designed it this way because a dataset without survey responses would be of limited use 
to analyze predictors for data donation willingness and data donation behavior, as well as resulting 

Figure 1. Flowchart of the data donation collection pipeline based on a non-probabiltiy sample and a survey prior to the data 
donation. Own depiction adapting previous work to our study specifics (Boeschoten et al., 2022; Strycharz et al., 2024). Depicted are 
four crucial phases from informed consent until the DDP donation. We depict the sample at each point in the process in rectangles 
and the condition that respondents need to fulfill to advance in the flow in between.
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non-response biases. Front-loading the survey also helped us logistically in a cross-platform data 
donation collection by allowing us to pre-filter users for the platforms they use to ensure that we only 
presented them with relevant options during the data donation steps, avoiding a confusing and 
overwhelming experience (Carrière et al., 2025).

After finishing the survey, participants decide in the third phase (willingness) if they want to 
continue with the data donation. Participants who continue in this phase are considered D) willing 
respondents (see also Keusch et al., 2024). Other descriptions of this subset of respondents have been 
respondents after finishing the survey (Strycharz et al., 2024; Welbers et al., 2024) or respondents with 
the intention of donating (Hase et al., 2024). We follow the terminology of willingness here to provide 
an alignment in interpretation with the so-called willingness or vignette studies (Gilbert et al., 2021; 
Kmetty et al., 2024; Pfiffner, Reiss, et al., 2024). Willingness in these studies refers to the participants’ 
intention to continue with a hypothetical data donation after an initial informed consent and survey. 
Since these studies are survey-only, they offer a cost-effective way to assess expected data donation 
behavior when exploring a new method, prompting participants with various scenarios (vignettes) 
varying for platforms, types of traces, and question phrasing which would not be suitable in the 
context of an actual data donation study. Finally, we reach the donation phase. Here, participants are 
typically referred to a respective platform such as Port (Boeschoten et al., 2023) or the Data Donation 
Module (DDM) (Pfiffner, Witlox, et al., 2024). At this stage, participants must request and subse
quently donate their data, which results in the final sample of E) donors.

This paper focuses on the characteristics of participants who drop out during the willingness phase 
and the donation phase. We also look at the non-response bias that results from the data collection 
process – in other words, we consider systematic differences in demographics and behavior char
acteristics of the final sample of E) donors vs. C) the sample of eligible respondents.

Background and research questions

Data donation willingness

The willingness rate, as the fraction of participants who agree to continue with the data donation after 
finishing an initial survey (reported in percentages), ranged in previous studies on German samples 
from 52% (Hase & Haim, 2024; aggregated across Facebook, YouTube, Instagram and Twitter, 
participation in the lottery for a 50 euro gift card) to 79% (Keusch et al., 2024; Facebook with 
a 2 euro incentive). For a study on Facebook DDP collection among Dutch panel members, 52% 
willingness rate was reported (Strycharz et al., 2024; no incentive reported). Given these previous 
results, we expect willingness rates around 50%. However, specifically the results from (Keusch et al.,  
2024) point to possible variations in willingness rates between platforms.

Importantly, the existing results do not provide a between-platform perspective with consistent 
national context and sampling strategy. This paper closes this gap by providing findings on the 
following question:

RQ1: What are the willingness rates to donate data download packages of German social media 
users for Facebook, Instagram, YouTube, and TikTok?

In addition to bare willingness rates, researchers are interested in predictors that drive this 
intention. It is crucial to understand the reasons for participants’ decision making throughout 
the data collection process to improve study designs, or at the very least to be cautious about 
potential biases introduced during the willingness phase. Previous vignettes and donation studies 
provide a basis for understanding willingness behaviors based on sociodemografics (Hase & Haim,  
2024; Kmetty et al., 2024; Strycharz et al., 2024). However, fragmented national contexts, plat
forms, and sampling approaches make it challenging for researchers to draw conclusions for 
a single country on different platforms that can inform their research designs. In the German 
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context, for example, a previous study found that female participants were less likely to indicate 
willingness to donate (Keusch et al., 2024). However, the same predictor was not significant when 
reported on social media users without differentiating by platform (Hase & Haim, 2024). In the 
Dutch context, the role of gender is also unclear. For Google users (Chrome and YouTube), 
gender (f) showed a negative association (Welbers et al., 2024), but for Facebook users, none at all 
(Strycharz et al., 2024). Education was reported to not affect the willingness to donate data (Hase 
& Haim, 2024; Keusch et al., 2024; Strycharz et al., 2024) with the exception of the willingness to 
donate Chrome and YouTube DDPs by a Dutch online panel (Welbers et al., 2024). Age was 
reported to be not predictive of the willingness to donate data for German Facebook users and 
Dutch YouTube users (Keusch et al., 2024; Welbers et al., 2024), nor for the platform-aggregated 
donation willingness (Hase & Haim, 2024). However, for Dutch Facebook users, lower age meant 
higher willingness (Strycharz et al., 2024).

Beyond sociodemographic variables, previous results are even more scattered, since existing studies 
either do not specifically report other predictors due to their research design (Strycharz et al., 2024; 
Welbers et al., 2024) or include different sets of additional variables due to their study focus: Political 
leaning (right) was shown to be negatively connected to willingness in cross-platform German 
samples, while privacy concerns were only predictive of a German non-quota convenience sample, 
but not for other online panels (Hase & Haim, 2024; Keusch et al., 2024; Kmetty et al., 2024).

Given the different sampling strategies and predictor sets, the results are hardly comparable across 
platforms. However, comparable numbers would be invaluable for future research projects to inform 
sampling (e.g., quotas) decisions depending on the platform under scrutiny. The present study aims to 
provide such numbers for Germany’s four most used social media platforms (Behre et al., 2023) and to 
answer the corresponding research question:

RQ2: What predicts the willingness to donate data download packages of German social media 
users and how do findings vary between Facebook, YouTube, Instagram, and TikTok?

Data donation behavior

The data donation step results in notoriously high dropout rates despite prior informed consent and 
indication of willingness (e.g., Hase et al., 2024; Strycharz et al., 2024; Welbers et al., 2024). On the one 
hand, this can be explained due to the increased effort participants need to invest in the donation itself 
(see Groot Kormelink et al., 2025 for detailed descriptions of the challenges). On the other hand, 
people might have second thoughts about giving their data to research when they are confronted with 
what they are about to donate – certain beliefs or fears might be activated at this stage in the process, 
due to being uncomfortable with specific traces (Boeschoten et al., 2022; Groot Kormelink et al., 2025). 
The donation rates (the fraction of willing participants who donate their data) reported as percentages 
in past research range from 11.2% (Google Takeout, Welbers et al., 2024) and 24% (Facebook, 
Instagram, Twitter, and YouTube accumulative; Hase & Haim, 2024) to 28% (Facebook, Strycharz 
et al., 2024). In contrast, a study of German Facebook users reported a donation rate of 48% (Keusch 
et al., 2024). Studies with small sample sizes, that could afford to personally assist each participant’s 
donation process even reached 69% for Instagram (van Driel et al., 2022) or 100% for 20 participants 
in a cross-platform donation setting (Groot Kormelink et al., 2025). Given the sample size of our study 
that does not allow such a setup, the expected donation rate for our study setup is therefore between 11 
and 24%.

The varying sample strategies and national contexts make a cross-platform comparison, similar to 
willingness rates, difficult or even unfeasible. Consequently, this paper closes this gap for the following 
research question:
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RQ3: What are the donation rates for data download packages of German social media users for 
Facebook, Instagram, YouTube, and TikTok?

In addition, we expand the evidence for multi-platform donation behavior. Previous insights based on 
student and online non-quota convenience samples showed that: “78% of the donors provided 
information for a single platform, while 16% donated data for two, 4% for three, and 2% for four” 
(Hase & Haim, 2024, p. 16). To provide comparable evidence from an online non-probability quota 
panel, we ask:

RQ4: What are the multi-platform donation rates for data download packages of German social 
media users for Facebook, Instagram, YouTube, and TikTok?

Furthermore, current research still lacks clarity on the platform differences in predictors of actual data 
donation behavior, and altogether for newer platforms such as TikTok. For example, being older led to 
a higher chance of dropping out of a data donation study for Facebook and Google users in the 
Netherlands (Strycharz et al., 2024; Welbers et al., 2024). However, it did not have an impact on the 
donation behavior of a German sample across platforms (Hase & Haim, 2024). Gender showed 
a significant correlation for Facebook users in the Netherlands, but not for Google users in the 
same country, nor in the case of social media users in Germany (Hase & Haim, 2024; Strycharz 
et al., 2024; Welbers et al., 2024). Higher education was associated with data donation for Google and 
Facebook users in the Netherlands, but not in Germany (Hase & Haim, 2024; Keusch et al., 2024; 
Strycharz et al., 2024; Welbers et al., 2024). Political orientation (right) reduced the donation behavior 
in Dutch and German samples alike (Hase & Haim, 2024; Welbers et al., 2024). Similarly to willingness 
predictors, beyond the above, evidence on other predictors (trust, privacy concerns, and platform use) 
is scattered, depending on research designs and study foci.

Current research only allows us to derive the impact of users’ behavior for specific combinations of 
sampling, national context, and platform – or on accumulative analysis of different platforms (e.g., 
Hase & Haim, 2024). A within-country comparison of the predictors of data donation behavior across 
platforms is still lacking. Consequently, this paper seeks to provide much needed knowledge on the 
data donation behavior of German social media users for under-researched platforms in the German 
context (TikTok, YouTube, Instagram), and between platforms.

RQ5: What predicts the data donation of data download packages of German social media users 
and how do findings vary between Facebook, YouTube, Instagram and TikTok?

Data download package collection and non-response bias

The assumption that specific user characteristics influence the willingness and donation behavior 
consequently leads to the expectation that data donation samples are biased (Gil-López et al., 2023; 
Hase & Haim, 2024; Strycharz et al., 2024). Such biases can be introduced at various steps of the DDP 
data collection process (Boeschoten et al., 2022).

Past research has differentiated between different biases along the way of data donation collection, 
such as self-selection biases that can arise, among others, from certain panel members being system
atically unwilling to participate in a study (Hase & Haim, 2024). Furthermore, when consenting and 
willing participants are asked to follow up on their indicated willingness, compliance errors – which 
may occur due to technical difficulties, a change of mind, or other factors – can lead to a compliance 
bias for the final sample from which the researchers retrieve the DDPs (Boeschoten et al., 2022). When 
systematic dropouts of participants who decide not to donate when confronted with their DDP and 
the data therein occur, we talk about consent bias (Hase & Haim, 2024). However, in the present study, 
our technical setup does not allow us to distinguish between the specific reasons for dropping out, nor 
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for the exploration of self-selection biases (we only have data on participants that finished the survey). 
Therefore, for this work, we summarize the various biases that emerge throughout the data donation 
collection process as non-response bias in alignment with previous research on the matter (Hase & 
Haim, 2024). This bias refers to systematic differences between the sample of respondents who 
successfully made a data donation and those who completed the initial informed consent and survey 
stage and reported using the respective platform (eligible participants).

Past work that distinguished between self-selection and compliance biases has shown that partici
pants become successively younger in each data collection stage (non-quota online sample of 
Facebook users, Strycharz et al., 2024). Furthermore, a self-selection bias was found for female 
participants, while location (urban vs. rural) and level of education were not biased. For an online 
non-quota convenience sample, non-response biases were found: donor samples were politically left, 
showed increased awareness of algorithmic filtering, had less privacy concerns, and had higher 
technical skills (Hase & Haim, 2024). Understanding the biases present in data donation samples is 
essential for exploring methods to counter such biases (Hase & Haim, 2024; Pak et al., 2022). We 
explore the non-response bias of a German population quota sample across and between platforms:

RQ6: What non-response biases are introduced throughout the collection of data download 
packages of German social media users and how do these vary between Facebook, YouTube, 
Instagram and TikTok?

Method

To answer our research questions, we collected survey data of social media users’ interaction with 
news and political information online and DDPs across four different social media platforms. Data 
were collected from August 2024 to September 2024 in collaboration with a non-probability online 
panel provider (Bilendi), as previous work has shown that panel recruitment yields the best willingness 
and donations rates to carry out DDP data collection efforts (Pfiffner, Reiss, et al., 2024). Bilendi is one 
of the largest non-probability online panel providers in Germany with up to 316,000 panelists that can 
be invited based on gender, education, and age quotas.

Before starting data collection, ethical approval was obtained from the Research Ethics Committee 
of the Weizenbaum Institute. All participants provided their informed consent prior to participating 
in the study. The data underlying this study are publicly accessible for secondary use (Wedel et al.,  
2026).

Sample

To ensure a sufficient prevalence of platform users for each of the four platforms of interest, our 
sampling strategy targeted a quota sample of 2500 German Internet users. This comprised a primary 
sample of 2000 to meet national quotas for age, gender, and education, supplemented by a deliberate 
oversampling with 500 younger adults (18–27 years) to provide a robust basis for analyzing this 
a priori underrepresented demographic. 6697 respondents started the initial survey, 5051 passed the 
informed consent, 2883 of those passed the screening questions, and 2564 participants passed the two 
attention checks (e.g., asking for a specific answer in a question battery) built into the survey. 2457 
participants completed the survey.

Due to missing data for age and location variables, non-binary responses for the gender variable, 
and the lack of using any of the requested platforms, a subset of 2296 users (93.49% of participants) 
were eligible for subsequent analysis. The sample satisfies the target quotas, including an oversampling 
of young adults of 16.37% (see Table 1).
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Study design

Participants were recruited through the panel provider and informed about the study characteristics. 
Participants were incentivized to complete the survey according to the standard rate of the panel 
provider, regardless of their decision to donate data. However, to encourage data donation, partici
pants were informed that they would receive an additional 5€ for their first data donation and 3€ for 
each subsequent donation.

Following informed consent, participants completed a 20-minute online survey that included 
questions on demographics, social media use, and other topics relevant to the larger research project. 
At the end of the survey, participants were asked to indicate their willingness to donate data from their 
social media accounts (YouTube, Facebook, Instagram and TikTok). These platforms were selected 
due to their high prevalence of use in Germany (excluding messaging apps; Behre et al., 2023). 
Participants were only given the option to donate data from platforms they had indicated using at 
least once in the past month, displayed in a random order of items in the questionnaire (see 
Appendix A).

Participants who expressed willingness to donate data for at least one platform were redirected to 
the PORT data donation platform (Boeschoten et al., 2023). PORT was chosen for its ability to 1) 
automatically filter raw data download packages (DDPs) upon upload to ensure compliance with data 
minimization principles and 2) provide participants with a transparent view of their data and the 
option to remove specific elements before donation, thus facilitating an additional form of informed 
consent and data transparency (Boeschoten et al., 2023). Detailed instructions on how to request, 
download, and donate their data via PORT were provided to the participants. Importantly, partici
pants could view and selectively remove any data from their DDP before submitting the donation. 
Only at this point the data to be donated and in case of multiple donations the differences across 
platforms became truely visible to participants. The requested data included basic consumption data 
(e.g., watch history, likes, shares), as well as more sensitive data such as follower/following lists, which 
users are typically less willing to share (Pfiffner & Friemel, 2023). Appendix B provides a complete list 
of the data extracted for each platform.

Predictors and measurements

For each participant, we collected socio-demographic information (age, gender, education, location), 
the self-reported frequency of different social media activities in relation to news and political 
information, self-reported perceived freedom of expression online, political interest and political 
leaning. Given that all participants in the final sample passed two attention checks during the survey, 
we did not include the information on rapid survey completions used in previous studies (Welbers 

Table 1. Comparison of population quotas, target quotas, and achieved sample quotas for the survey. Age and gender 
quotas were provided by the panel provider (Bilendi), and the education quota is based on data from the German Federal 
statistical office (Statistisches Bundesamt, 2022). Target quotas for age deviate from population quotas due to 
a conscious oversampling of the 18–27 age group. Columns may not sum to 100 due to rounding.

Variable Values Population (%) Target (%) Sample (%; n = 2296)

Age 18–27 16.63 33.00 33.80
28–37 19.93 15.94 16.16
38–47 18.75 15.00 15.59
48–57 22.89 18.31 18.21
58 and older 21.80 17.44 16.25

Education high 30.50 30.00
(ISCED) mid 54.80 55.55

low 14.70 14.45
Gender male 50.57 50.09

female 49.42 49.91
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et al., 2024). The choice for those predictors resulted from the combination of research interests and 
research economic considerations to include understudied predictors in a larger data collection effort.

Before discussing the included predictors and their operationalization in detail, we want to high
light an intuitive confounder that we did not measure: privacy concerns. Previous studies on non- 
probability online panels did not find a statistical connection between privacy concerns and data 
donation behavior (Keusch et al., 2024; Kmetty et al., 2024). An exception is a study of two 
convenience samples without quotas (Hase & Haim, 2024). Given the resource constraints and the 
empirical evidence from similar panels, we chose to exclude the measure of privacy concerns. 
However, we acknowledge that this decision is a limitation of our study. It is plausible that individuals 
who join non-probability online panels have, on average, lower privacy concerns than the general 
population. This potential self-selection bias could mask a true relationship between privacy concerns 
and data donation, and as such, our findings may not be generalizable to individuals who do not 
participate in such panels.

Socio-demographic variables
Four sociodemographic variables were included since they have been shown to play a role in data 
donation behavior in multiple studies with participants from different countries, including Germany, 
and across platforms (e.g., Keusch et al., 2024; Kmetty et al., 2024; Pfiffner & Friemel, 2023; Strycharz 
et al., 2024).

Age was measured on a numerical scale (M = 39.81; SD = 14.89). Only participants older than 18  
years of age could participate. For gender, 50.09% (n = 1,150) indicated male, 49.91% (n = 1,146) 
indicated female. For education, the initial fine-grained survey question (What is your highest level 
of school or university education?) was converted to three levels based on the International Standard 
Classification of Education (ISCED) for the German education system (Statistisches Bundesamt,  
2022): 30% reported low education (primary education; n = 337), 55.55% medium (secondary educa
tion; n = 1.272), and 14.45% high (tertiary education; n = 687) (see Table 1). For location, we assigned 
the measure RegioStaR7 to each participant, for which we derived their commune from the coordi
nates provided by the survey platform (Qualtrics). RegioStaR7 is a measurement developed by the 
German Federal Ministry of Digital and Transport. This measure considers the role of an area at the 
regional, local, and small-scale levels. Various spatial-structural statistics are considered, leading to an 
ordinal typology from rural to metropolitan (Sigismund, 2021). It was implemented as a seven-point 
scale starting at zero, with 0 describing the least urbanized areas in Germany (M = 4.11; SD = 2.10).

Social media engagement with news and politics
In addition, in this study, we focus on how users interact with news and political information on social 
media. Past research on German social media users has shown that the frequency of general social 
media use predicts whether people will donate their data across four platforms (Hase & Haim, 2024), 
but this was not the case for Facebook specifically (Keusch et al., 2024). However, if the frequent use of 
social media itself is a confounding variable in who participates in data donation, then the engagement 
with political content and news can be another important predictor. News and political content are 
highly revealing types of content which are closely related to another confounder (political orientation, 
e.g., Hase & Haim, 2024; Welbers et al., 2024) in data donation behavior. Therefore, it is essential to 
understand this relationship to properly plan and execute future data donation studies on the use of 
news and political information. Such studies could extend knowledge on political information and the 
use of news already reported by browser trace data (Loecherbach et al., 2024; Wojcieszak et al., 2024). 
Therefore, in the present study, we introduce a set of social media engagement measures.

A battery of items with a 7-point frequency scale (Multiple times daily – never) was presented to the 
participants: If you inform yourself or others on platforms about news and political topics, how often are 
you . . . , with seven different activities: 1.) watching/seeing; 2.) posting; 3.) reacting (likes, emojis); 4.) 
commenting; 5.) discussing publicly; 6.) sharing publicly; 7.) sharing privately. The scale for all activities 
was inverted for the analysis to reflect increased frequency with higher values. A subsequent 
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correlation and factor analysis resulted in the definition of two factors and two separate items in partial 
alignment with the constructs of high-effort and low-effort engagement (Heiss et al., 2019; Xenos et al.,  
2017, see Appendix C). The factor scores for high-effort and low-effort engagement were extracted and 
standardized with a mean of 0 and a standard deviation of 1 based on the results of all the survey 
participants (n = 2,447), not just the eligible, since for the factor score calculation the full power of the 
survey was exploited.

• high-effort engagement (M = 0.02; SD = 0.97, min = −1.11, max = 2.24): This factor captures the 
frequent engagement with news and political content through activities that require high effort from 
users on social media platforms. It is measured by the respective factor scores and includes the 
activities posting, commenting, and discussing publicly.

• low-effort engagement (M = 0.03; SD = 0.96, min = −1.33, max = 1.80): This factor captures the 
frequent engagement with news and political content through activities that require low effort from 
users on social media platforms, including exposure to content and basic reactions to it. It is measured 
by the respective factor scores.

Additionally, factor analysis (EFA and CFA, see Appendix C) showed that neither public nor private 
sharing fit well in either factor, nor do they form a coherent factor on their own due to being in parts 
conceptually opposed (public vs. private). Nevertheless, they offer an additionally level of insight into 
data donation behavior, since one could assume that frequent private sharing compared to public 
sharing make the social media data more sensitive to donors, and therefore impact data donation 
behavior. Therefore, both are kept as predictors and variables for predictive and bias analysis as 
a frequency scale (0–6; public sharing: M = 2.01; SD = 1.87; private sharing: M = 2.17; SD = 1.85).

Political attitudes
Political leaning was a strong predictor of donation behavior and non-response bias in previous 
studies, the same is true for political interest (Hase & Haim, 2024). Therefore, we included both, 
specifically since they are conceptually connected to social media engagement with political informa
tion and news. The latter is also the reason for the introduction of the variable perceived freedom of 
expression. With that we cover not just engagement with politically information online, political 
leaning and interest, but additionally the perceived comfort with sharing content which is perceived as 
contrary to the mainstream.

Perceived freedom of expression was measured by the agreement of participants with the statement 
“It is easy for me to express my opinion on platforms, even if I think many people might disagree with 
me.” on a scale of zero to four (M = 2.20; SD = 1.29). 0 indicates no agreement at all and 4 indicates full 
agreement. Political interest was measured on a 10-point scale, with zero indicating no interest at all 
and nine being very interested (M = 5.76; SD = 2.66). Political leaning was measured on a 10-point 
scale (zero to nine) from left to right (M = 4.44; SD = 1.97).

Data donation behavior
For the target variables, first we consider whether participants indicated willingness to donate data for 
a platform based on the corresponding end of survey question: “For which social media platforms 
would you like to donate your data?” and second whether they donated data for the platform, 
measured based on the successful completion of a donation for a platform. Both target variables are 
binary.

However, a data donation can contain different amounts of data depending on user behavior (e.g., 
no shares, only few likes). Since participants are confronted with the data they are about to donate 
during the donation process, the richness of ones DDP could also impact the behavior. We account for 
this issue by conducting our analysis on two different criteria for completed donation: 1) we 
considered all donations that where non-empty as successful donations, no matter how sparse. 2) 
We tested whether results change if for a donation to be considered successful, it must include at least 
one entry per trace for at least 50% of the requested traces (e.g., like history, watch history, comments) 
for the respective platform. In theory, this requirement ensures that all participants counted as donors 
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were exposed to a sufficient variety of traces during donation. Notably, because of this criterion for this 
condition, 61 additional donations where treated as no donations. However, between the two different 
approaches to count a successful donation, results only marginally differed. We therefore report 
throughout the paper on the results based on a successfully data donation being any non-empty 
donation, but added the results for the condition, only counting non-sparse DDPs to the appendix (see 
Appendix G and H) and address the differences and their implications in the corresponding results 
sections and in the discussion.

Study design confounders
Although we could control that the answer options for the willingness question are proposed in 
random order to participants, this was not possible for the options in the donation interface (PORT). 
For each possible combination of platforms participants could indicated donation willingness for, we 
set up a dedicated PORT instance – where the order of that platform combination is static. To ensure 
that we do not miss possible study design confounders, we performed a descriptive analysis of 
willingness rates and donation rates based on self-reported platforms used by participants and the 
donation interface to which they were assigned based on their responses during the willingness 
question.

The analysis on the willingness stage (see Appendix D) shows higher rates of willingness if 
participants face more options (i.e., the number of self-reported platforms used). Therefore, we 
include the number of platforms used (TikTok, YouTube, Facebook, Instagram; M = 2.48; SD = 1.03) 
as a possible confounder in the predictive models for the analysis of willingness decisions.

For the impact of the donation interface (i.e., the order of platforms), donation rates do not appear 
to vary systematically (see Appendix E). Nevertheless, the static ordering of each platform combina
tion may still exert a subtle influence on platform-specific donation rates (Beuthner et al., 2024). 
Therefore, we include the platform position for each user as a confounding variable in the predictive 
models of actual donation behavior. Importantly, this variable is not included in the TikTok model. 
Because TikTok was always displayed in position 1, the platform-position variable has no variation (it 
is constant). A predictor with zero variance cannot be estimated in a linear regression model, as it 
provides no information for explaining differences in the outcome.

Analysis strategy

To address our research questions about the willingness to donate data and actual donation rates 
(RQ1, RQ3, RQ4), we present two key sets of findings. First, we report on the willingness rates. This 
metric is defined as the fraction of eligible participants (those who completed the survey and used at 
least one of the four platforms of interest) who indicated willingness to donate. Second, we report 
actual donation rates, calculated as the fraction of participants who donated out of all eligible 
participants. All rates are reported in aggregation and broken down by platform.

For the predictive analysis, we used multiple logistic regression models to explore the predictors of 
platform users’ decisions (RQ2, RQ5). We computed a separate model for each combination of 
platform (Facebook, Instagram, YouTube, TikTok) and stage (i.e. willingness and donation) with 
the same predictors. By building a separate model for each platform’s user base, we effectively control 
for platform-specific differences in user behavior and demographics. Each model analyzes the will
ingness and donation behavior within that platform’s user group, comparing those who proceeded 
with the data donation to those who did not. This approach isolates the predictive power of our 
variables on a per-platform basis and means that we control for platform use as a confounding variable 
through the models themselves. The comparative analysis is achieved by examining and contrasting 
the results of each separate model. Within each model, only the dependent variable changed with 
respect to which platform they refer to, while all other specifications remain the same. Results are 
reported as average marginal effects (AMEs) in full percentage points to facilitate a more intuitive 
interpretation. AMEs express how much the predicted probability of the outcome changes, on average, 
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when a predictor increases by one unit while holding all other variables constant. For example, if the 
AME for the binary variable gender (female) equals 5%, this indicates that women have, on average, 
a 5-percentage-point higher probability of donating compared to men. Similarly, if the AME for 
a continuous variable such as age is −1%, this means that each additional year of age is associated with 
a 1-percentage-point decrease in the probability of donating.

To explore the non-response bias for each platform (RQ6), we followed an established methodo
logical pipeline using z-tests to compare the proportions of the respective variables between the two 
samples (Hase & Haim, 2024; Keusch et al., 2019; Struminskaya et al., 2021). Specifically, this test 
quantifies non-response bias by calculating the percentage point difference in a specific characteristic 
(e.g., gender (f), political orientation) between the sample of eligible participants and the subset of 
those who actually donated data. In addition to evaluating for statistical significance using p-values, we 
report on practical significance by examining whether the 95% confidence intervals maintained 
a consistent sign. We did this because, in our analysis, we sought to attribute significance to biases 
that, despite not achieving statistical significance, we argue have a meaningful real-world impact (Kirk,  
1996). For this study, practical significance was considered supported when the entire confidence 
interval was consistently positive or consistently negative, as this indicates a meaningful and inter
pretable bias direction. For this part of the analysis, age (5 age groups), education (dummy variables 
for low and high), gender (female as dummy variable), location (rural vs. urbanized, see Sigismund,  
2021), high and low effort engagement (above median), public and private sharing (high, upper three 
point on the 7-point scale), perceived freedom of expression (high, upper two points on the 5-point 
scale), political interest (high, upper three points on the 10-point scale) and political leaning (left- 
leaning as scores from 0 to 4 and right-leaning the remainder) were converted to binary variables.

Importantly, similar to previous research on data donation behavior (Hase & Haim, 2024; 
Struminskaya et al., 2021), we combine predictive (multivariate regression) and bias analysis to 
address two different sets of research questions. This dual approach allows us to: 1) identify the 
factors that predict an individual’s willingness or success in donating data, and 2) assess and under
stand the potential biases resulting from this selective participation. A key distinction between these 
methods is their analytical accordance: while the multivariate regression models control for potential 
confounders to isolate the true drivers of behavior, the bivariate bias analysis reveals the unadjusted 
differences in our sample. For example, a gender bias found through bivariate analysis may be due to 
other underlying user characteristics (e.g., political leaning) that are more prevalent in one gender than 
in another, which the predictive model can help uncover. In contrast, a significant predictor in either 
donation phase might not lead to a biased sample due to other effects at play at other stages that 
negotiate this potential bias.

Results

Donation willingness and behavior rates

First, we report answers for research questions on willingness (RQ1) and (multi-platform) donation 
(RQ3, RQ4) rates across the platforms. Of the 2296 eligible participants, 51.18% (n = 1,175) were 
willing to donate and 28.94% (n = 340) of those willing ended up successfully donating at least one 
non-empty DDP. In total, we initially retrieved 503 complete data donations from 340 unique users 
(donation rate = 14.81%, against the number of eligible participants). The donating participants 
donated on average 1.48 DPPs: 9.28% (n = 213) of eligible users donated exactly one DDP, 2.57% (n  
= 59) donated two DDPs, 1.26% (n = 29) donated three DDPs and 0.35% (n = 8) donated DDPs for all 
platforms of interest.

Additionally, in Figure 2 we report the total number of users and the respective fractions against all 
survey participants who were (not) eligible, (not) willing, did (not) donate and donated empty data. Of 
interest here is that over six percent of the participants in an online panel indicated that they did not 
use either of the four requested platforms, and despite the absence of communicating specific rules for 
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what we count as a complete DDPs (e.g. minimum number of entries, specific time constraints; see 
Bechmann et al., 2025) only 2 donations were completely empty.

We also consider platform-by-platform willingness and donation rates (see Table 2). Here, we 
report the number of willing and donating users compared to the number of eligible participants in 
our sample, since platform usage is typically a screening question in related studies. Therefore, the 
total rates slightly diverge from Figure 2, which reports the rates in relation to all survey participants, 
not just eligible participants. In addition to being the platform used the least of the four requested by 
the sample (n = 828), TikTok is also the least likely to be donated (n = 54; 6.52%). Of the 1503 
Facebook users, 8.38% (n = 126) donated their data. Instagram (149 out of 1565; 9.52%) and 
YouTube (174 out of 1799; 9.67%) showthe most substantial donations and donation rates. The 
willingness rates are more stable across platforms, again with TikTok marginally deviating by 
a lower willingness rate of 30.19% compared to the 32 to 33% of the other platforms. When applying 
the filter criterion for what counts as a complete data donation (in our case at least one data point for 
a minimum of 50% of requested data traces) the counts and fractions decrease most substantially for 
Facebook and Instagram (see Table 2, Donating users with filter (%)).

Predictors for data donation willingness

To explore what predictors lead to an increased probability of donation willingness (RQ2), we 
employed four multivariate linear regression models, one for each platform (see Figure 3). For detailed 
results, see Appendix F.

Figure 2. Donation success across the different stages of the data collection process. Eligible participants are those who use at least 
one of the four platforms of interest (YouTube, Facebook, Instagram, or TikTok). Percentages in parentheses refer to the total number 
of onboarded participants.

Table 2. Platform-level willingness and donation rates. Users may be active on multiple platforms, and rates are calculated relative to 
the number of eligible users per platform.

Platform Eligible users Willing users (%) Donating users (%) Donating users with filter (%)

Facebook 1,503 502 (33.34) 131 (8.72) 107 (7.12)
YouTube 1,799 591 (32.85) 174 (9.67) 165 (9.17)
Instagram 1,565 506 (32.33) 149 (9.52) 127 (8.12)
TikTok 828 250 (30.19) 54 (6.52) 51 (6.16)
Total unique users 2,296 937 (40.81) 340 (14.80) 309 (13.46)
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For age, a significant negative effect was found for Instagram and TikTok users. Specifically, 
we observed that as the age of Instagram users increased by one year, their likelihood of 
indicating willingness to donate their data decreased by 0.51% (AME = −0.0051, p � .001). The 
likelihood of willingness of TikTok users to donate decreased by 0.31% with each year of age 
increase (AME = −0.0031, p � .05). Older users are hence less likely to donate their data. Gender 
(f) was a significant negative predictor across all platforms: Female users of the respective 

Figure 3. Results from multiple logistic regression models examining the willingness to donate data download packages. Average 
marginal effects (AMEs) and 95% confidence intervals are shown as full percentage points. Sample sizes: YouTube (n = 1,799), 
Facebook (n = 1,503), Instagram (n = 1,565), TikTok (n = 828). * indicates significance at p ≤ .05.
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platforms were less likely to be willing to donate their data by 7.76% (Facebook, p � .01), 7.57% 
(Instagram, p � .01), 14.46% (YouTube, p � .001) and 10.29% (TikTok, p � .01), respectively.

Regardless of age and gender, only two other predictors were significant predictors for participants’ 
willingness to donate their data – both are so in the model for Facebook: First, with each one-unit shift 
in consuming and reaction behavior to news and politics (low-effort social media engagement), 
Facebook users were 6.59% more likely to indicate willingness to donate their data (AME = .0659; 
p � 0.05). Second, perceived freedom of expression of opinions online was a significant predictor for 
the willingness of Facebook users to donate data (AME = 0.0225; p � .05).

The number of self-reported platforms used was a significant negative predictor of the willingness 
to donate for Instagram (AME = −.0426; p � .01) and YouTube (AME = −.0273; p � .05). This implies 
that if Instagram and YouTube users had other options to choose at the willingness stage, they would 
be more likely to choose either of those or none at all, rather than YouTube or Instagram for donation.

Lower education, location, high-effort engagement (news/politics), public sharing, private sharing, 
political interest, and political leaning were insignificant across platforms in the willingness phase.

Predictors for data donation behavior

Next, we look at the predictors for the actual donation behavior (RQ5), by comparing the character
istics of donors and non-donors of the users who passed the willingness stage (see Figure 4 and 
Appendix G). Although age was a significant predictor for Instagram and TikTok users in the 
willingness stage, it was no longer so in the donation stage. However, we found a significant effect 
for YouTube users. Each additional year decreased the likelihood for YouTube users to donate their 
data by 0.29% (AME = −.0029, p � 0.05). Gender (f) was not a significant predictor for any platforms’ 
user group.

Facebook remains unique when considering the participants location: With each increase in the 
level of urbanization (location) Facebook users’ likelihood to donate decreased by 1.83% (AME =  
−0.0183 p � .05), meaning that users from urban areas are less likely to donate. For YouTube, 
Instagram, and TikTok donors, their place of residence did not play an significant role in their 
decision to donate.

The strongest significant effects in the donation stage were based on high-effort social media use 
(news/politics), which indicates the frequency of self-reported posting, commenting, and public 
discussions online. Our results show that the more people self-reported such activities, the less likely 
they were to actually donate their Facebook and TikTok data. The likelihood to donate decreased by 
12.81% (AME = 0.1281, p � .001, Facebook) and 11.53% (AME = 0.1153, p � .05, TikTok) for each 
one-unit increase in the respective factor score.

Political leaning was a significant predictor of YouTube, Instagram, and TikTok donation behavior. 
With each point toward self-reported right political leaning, the likelihood of Instagram (AME =  
−.0274; p � .01), YouTube (AME = −.0289; p � .01), and TikTok (AME = −.0322; p � .05) users to 
donate was decreasing. For all remaining predictors, no effects were found on actual donation 
behavior, including the position in which the platform was positioned in the data donation interface.

Considering the results with the stricter filter condition for a successful data donation applied, the 
overall findings remain stable, with the exception of the location effect for Facebook users (see 
Appendix G, Figure S9). As this effect was only marginally significant in the initial analysis, we 
attribute its disappearance to its limited robustness rather than to any systematic differences between 
low-quality donors and the filtered sample – especially since all stronger effects remain unchanged.

Model performance under both operationalizations is highly similar (see Appendix, Tables 16 and 
17). Across all platforms, the logistic regression models clearly outperform their intercept-only base
lines, and pseudo-R2 values change only marginally between the two definitions. Log-likelihoods also 
shift in the expected direction without altering any substantive conclusions. These parallel patterns 
confirm that the disappearance of the marginal Facebook location effect reflects its limited robustness 
rather than systematic differences introduced by the filtering procedure.
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Non-response bias

Lastly, to better understand how the final data donation samples for each platform are biased, we 
compare the characteristics of donors and the respective eligible platform users (see Figure 5 and 
Appendix H). In general, we found non-response biases for age, gender (f), education (low), political 

Figure 4. Results from multiple logistic regression models examining the actual data donation behavior. Average marginal effects 
(AMEs) and 95% confidence intervals are shown as full percentage points. Sample sizes: YouTube (n = 591), Facebook (n = 502), 
Instagram (n = 506), TikTok (n = 250). * indicates significance at p ≤ .05.
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leaning, high-effort engagement, public sharing, and private sharing. Biases are reported as percentage 
points (pp). We report on the biases platform by platform.

The Facebook sample contained fewer participants with lower education (bias = −7.64 pp, 
p � .05). Additionally, in the Facebook donor sample users who self-reported sharing fre
quently news or political information online publicly were statistically significantly under
represented (bias = −9.97 pp, p � .05). A significant practical bias against users self-reporting 
frequent private sharing was also observed (bias = −7.86 pp, p ¼ .067).

The sample of Instagram donors had a bias toward the age group 18 to 27 (bias = +12.29 pp; p � .01) 
and against those aged 48 to 57 (bias = −5.65 pp; p � .05) or older than 58 (bias = −5.97 pp; p � .05). The 
sample also contained fewer female participants than the sample of eligible Instagram users (bias = 8.45 
pp; p � .05). We furthermore found a practical bias for Education (low), meaning that lower educated 
participants were on average less prevalent by 4.66% points among Instagram donors compared to all 
eligible Instagram users. The Instagram-donor sample was also biased with respect to their political lean 
toward the left by 8.74%.

Figure 5. Non-response biases comparing the sample that donated data with the eligible sample, both per platform and in 
aggregate. The following levels/variables are omitted to highlight significant biases: age (28–37), age (38–47), education (high), 
location (urban), perceived freedom of opinion expression online (high), political interest (high), and low-effort engagement (above 
median). A full overview of all variables is provided in Appendix H. * indicates significance at p < .05.
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The YouTube sample was negatively biased against female participants (bias = −12.41 pp; p � .01), 
and those with lower education (bias = −5.29 pp; p � .05). The YouTube sample also showed a bias 
toward politically left-leaning participants (bias = 10.21 pp; p � .05). In terms of social media 
engagement for the YouTube sample, we found a practical bias against high-effort social media 
engagement with news and political content (bias = −7.78 pp; p �.05), and against users self- 
reporting frequent public (bias = −10.63 pp; p � .05) and private sharing (bias = −7.82 pp; p � .05) 
of news and political content.

For TikTok, the sample did not show gender, age, or educational biases. However, the TikTok 
sample was biased in terms of politically left-leaning participants (bias = 17.63 pp; p � .05) and against 
frequent public (bias = −15.62 pp; p � .05) and private sharing (bias = −16.02 pp; p � .05) of news and 
political information.

For all non-response biases, we can see that whether a bias is found differs by platform, no bias 
applies across platform samples alike as the aggregated (gray, Figure 5) bias condition for comparison 
shows.

When comparing the results for data-donation success without any filter to those obtained 
under the stricter condition – requiring at least one entry for 50% of all data traces – the overall 
findings largely hold (see Appendix H, Figures 20 and 21). Importantly, the stricter definition 
weakens the education-related biases, removing the effect for Instagram donors, while it makes the 
biases related to social media engagement (high-effort/low-effort engagement; public/private 
sharing) more pronounced. Specifically, for Facebook we now find a negative bias for self- 
reported high-effort engagement (bias = 10.76 pp; p � .05), and for YouTube a negative bias for 
low-effort engagement (bias = 8.01% pp; p � .05). The weaker education bias likely reflects that 
this effect was not very strong to begin with. In contrast, the stronger engagement-related biases 
suggest that the amount of donated data after all matters: when limiting successful donations to 
those that contain more substantial data, the models show clearer negative effects linked to social 
media engagement variables.

Discussion

The literature on what drives data donation behavior and the resulting biases is fragmented and 
provides only selective information to DDP researchers when planning a data donation-based study. 
This paper systematically explored the donation behavior of a German non-probability quota sample 
from three perspectives: the willingness and donation rates, the predictors that might explain the 
donation behavior of the participants, and the non-response biases introduced throughout the data 
collection. Our findings show differences in the willingness and donation behavior between platforms 
and the resulting non-response biases. Importantly, for all platforms, we find non-response biases that 
need to be considered when conducting data donation studies – either pre-hoc or post-hoc. And for 
a subset of those, our predictive analysis also provides context on where and partly how those biases 
occur. Thus, we reveal genuinely between-platform differences and similarities.

With 14.81% of eligible participants donating data from at least one platform, the data donation 
rate of this study is comparable to other multi-platform studies in Germany through convenience 
samples (Hase & Haim, 2024). However, this aggregated rate, as well as our platform-specific rates, are 
significantly lower than the 37.79% reported by Keusch et al. (2024) in their 2021 Facebook data 
donation collection among Germans. This disparity can be partially attributed to their study using 
third-wave panel participants who already had a metering app installed on their devices. It can be 
assumed that these participants are more familiar and less concerned with the sharing of data for 
scientific purposes than the participants in our study, who were likely not yet exposed to passive data 
collection or data download packages. In addition, our incentive for survey participation was not tied 
to a successful data donation, in a scenario where only the combination of survey participation and 
data donation yields a reward, the donation rate would be likely higher.
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In terms of incentives, previous literature has found that an increase in monetary incentive does not 
result in higher donation rates (Pfiffner, Reiss, et al., 2024). Moreover, previous studies with lower 
incentives report higher donation rates (2 Euro, Keusch et al., 2024), while those with more uncertain 
incentives (lottery for gift card, Hase & Haim, 2024) report similar donation rates. This points toward 
monetary incentives playing not as much of a role as one might assume intuitively. A promising future 
approach to improve donation rates could be to provide non-monetary incentives such as instant 
personalized reports on donated data (Groot Kormelink et al., 2025). Different projects of this kind 
have recently started (Dein Feed, Deine Wahl, 2025; What shapes your TikTok Feed?, 2025).

Main findings

Our analysis finds that multiple variables are statistically significant in predicting the willingness to 
donate and donation behavior. In addition, we find consistent biases in the final samples. Crucially, 
biases and predictors differ between platforms.

For demographic variables, we only see evidence of non-response biases for the Facebook, 
Instagram, and YouTube donor samples. Our TikTok DDP sample is free from demographic bias. 
Our Instagram donor sample is biased toward younger users. The Instagram and YouTube samples 
over represent male users. Both biases are introduced during the willingness stage. So, while being 
confronted with the hypothetical thought of donating the data decreased participation by older and 
female users of Instagram and YouTube, being confronted with the actual effortful process is not 
further impacting those demographic factors. This refines previous findings for Germany that did not 
find such aggregated bias across four collected platforms (Hase et al., 2024) and supports similar non- 
findings for Facebook donors (Keusch et al., 2024).

Crucially, Gender (f) is, for all platforms, found to be a significant and strong negative predictor of 
the willingness to donate data. So regardless of whether it results in a non-response bias in the final 
donor samples, female participants seem to be more hesitant to participate in data donation studies. 
This effect does not result in a Gender (f) non-response bias for the final Facebook and TikTok donor 
samples, but seems to be negotiated during the subsequent stages of the donation process. It is likely 
that unknown confounders are at play here.

Although lower education levels did not emerge as a significant predictor of donation behavior, we 
observed an underrepresentation of formally lower-educated users within the final data donation 
samples for Facebook, Instagram, and YouTube. This discrepancy suggests that a distinct set of 
participant characteristics, beyond education alone, may be responsible for this drop-off. One plau
sible explanation is that less-educated participants may perceive themselves as less technically profi
cient, which could hinder their ability to successfully complete the data donation process. This aligns 
with prior research that has identified both technical skill and higher education as key drivers of data 
donation behavior (Hase & Haim, 2024; Ohme et al., 2021; Strycharz et al., 2024). Further improve
ments in the ease of the donation process are necessary, as lower-educated users already count as 
a hard-to-reach group (Schepers et al., 2017).

The mechanisms and biases found underscore the need for targeted recruitment strategies (e.g., 
quota) to ensure demographic balance in data donation samples to counter the potential to exclude 
marginalized groups.

The study also highlights the importance of considering political orientation when analyz
ing data donation behavior. Our findings indicate that donors on all platforms except 
Facebook tend to be politically left-leaning. This bias could potentially influence the inter
pretation of research findings, particularly in studies that examine political topics. The bias is 
introduced during the donation phase – while political leaning does not impact the willingness 
step, people of right political leaning drop out once they have to actually donate their data. 
This finding is consistent with previous work (Hase et al., 2024; Welbers et al., 2024). 
Although general distrust in research can lead participants on the political right (Cologna 
et al., 2025) to deny their final donation, their initial participation in the survey suggests that 
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their curiosity outweighed their skepticism, at least until the point of a concrete final 
commitment. It is possible that being confronted with the actual data they were about to 
donate causes this bias, potentially due to social-desirability motivations.

In terms of social media engagement with news and political content, we find an interesting 
pattern. We found a non-response bias against users who frequently share news and political 
information publicly and privately on TikTok, YouTube, and Facebook, a bias not present in 
the Instagram sample. When stricter criteria for what counts as a successful data donation are 
applied, the biases related to sharing behavior and to high- and low-effort engagement became 
even more pronounced. Put differently, once users with very limited activity in their donated 
files are excluded and the analysis focuses only on those providing richer datasets, the under- 
representation of highly engaged users becomes stronger. This pattern suggests that donors 
who submitted minimal data tended to self-report higher engagement with news and political 
content than those whose richer data donations were retained. In contrast, users who con
tributed more substantial datasets report lower levels of news and political engagement in the 
survey, yet their donation files contain more overall activity – presumably reflecting engage
ment with other, nonpolitical content types.

Although descriptive biases in sharing behavior emerge, sharing news itself is not 
a significant predictor of either willingness to donate or successful donation. Instead, other 
forms of engagement with news and political content play a more substantial role. Low-effort 
engagement with news and political content (e.g., watching or reacting) is a positive and 
significant predictor of willingness to donate among Facebook users, whereas high-effort 
engagement (e.g., posting, commenting, discussing) is a negative predictor of donation behavior 
on both Facebook and TikTok. These patterns may be linked to platform-specific affordances. 
The negative relationship between high-effort engagement and data donation on Facebook and 
TikTok likely reflects increased perceptions of risk among users who frequently post or com
ment. On Facebook, high-effort activities are closely tied to one’s social identity and personal 
network, which can make high-engagement users more aware of the sensitivity of their data and 
therefore more hesitant to share it for third-party analysis. On TikTok, high-effort engagement 
often involves content creation and personal expression; users who create or comment exten
sively may regard their data as particularly personal, leading to stronger privacy concerns when 
asked to donate it. By contrast, the positive relationship between low-effort engagement and 
willingness to donate on Facebook suggests that more passive users – those who mainly watch 
or react – perceive fewer risks. Their online footprint is less revealing, and they may therefore 
feel that they have less to lose by agreeing to a data donation. For Instagram, social media 
engagement is not related to either willingness or successful donation, nor do we observe 
a comparable bias. One possible explanation is that Instagram use is already highly public and 
visually oriented, potentially fostering lower privacy concerns. Moreover, Instagram content, in 
general, is less centered on news and political topics, which may reduce the perceived sensitivity 
of the data. Taken together, these findings indicate that platform-specific logics shape users’ 
perceptions of data sensitivity and risk, which in turn influence their willingness to donate their 
social media data.

Previous research has found that general (Hase et al., 2024) and specific (Gilbert et al., 2021) privacy 
concerns result in reduced donation behavior. Our findings may reflect a related mechanism: highly 
active social media users could experience stronger privacy concerns simply because they have “more 
to lose,” making them less inclined to share their data for research purposes despite reporting higher 
engagement. To better understand the emergence of this engagement bias, future research should 
adopt a more fine-grained approach to the distinct sub-steps of the donation process – request, 
download, and actual donation – as demonstrated by previous research in an analysis of socio
demographic effects (Welbers et al., 2024). Moreover, a combined analysis of social media engagement 
patterns and privacy concerns is needed to clarify whether heightened privacy awareness among 
highly active users drives their lower donation rates, or whether other mechanisms are at play.
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Limitations

This study is subject to certain limitations. First, generalizability is limited due to the focus on 
a German non-probability quota sample, which may not fully capture population diversity. 
However, by employing quotas along education, age, and gender, the resulting sample provides 
a coarse representation of the target population. Second, the study relies on self-reported data, 
which can be prone to bias themselves and may not cover the full range of potential predictors 
that influence donation behavior. Finally, the small sample size of TikTok donors (n ¼ 54) reduces 
our statistical power and makes it difficult to draw reliable conclusions related to this platform, 
highlighting the need for further research to understand its unique user base. Our study identifies 
TikTok users as especially hard to reach for a data donation study. The smaller sample size of 
TikTok donors is not just due to the smaller number of users in the general population, but also to 
the lower donation rate compared to other platforms. This might be due to the multi-platform 
choice environment of this study. However, our results show that at least for the willingness step, 
that here users tend to choose against moving on with YouTube and Instagram donations. Why 
participants still seem more likely to donate to a different platform than TikTok remains to be 
explored in future research.

Due to the study’s design limitations, we were unable to differentiate the specific reasons for 
participant attrition during the donation stage. It remains unclear whether participants initiated the 
data request, encountered technical issues with data upload, or withdrew upon reviewing the specific 
requirements of the donation process. Therefore, any conclusions about dropout motivations at this 
stage are only speculative and require further investigation with a more refined study design in future 
research.

Another limitation of our study is that we measure social media engagement exclusively through 
interactions with news and political content. This means that our findings on the relationship between 
user participation and donation behavior may not fully generalize to other forms of social interaction, 
such as participation in entertainment, lifestyle content, or personal communication Although this 
focus aligns with a central interest of the communication science field, it presents a clear boundary on 
the applicability of our results.

Practical implications and future research

This research contributes to a growing body of literature on data donation behavior and provides 
valuable information for researchers looking to use this increasingly relevant data collection method. 
By highlighting platform-specific differences in donation behavior, this study underscores the need for 
tailored recruitment strategies and careful consideration of potential biases when designing and 
interpreting data donation studies.

The following core implications are the result of our findings for further DDP research:

● Underlying motivations: DDP samples are biased, and the reasons for this lie in systemic non- 
response errors throughout the data donation collection pipeline. To fully explain and thus 
counteract these biases, future research must explore the underlying motivations behind these 
observed platform-specific differences in donation behavior. Understanding why certain user 
groups are more or less likely to donate their data on specific platforms could inform the 
development of more effective recruitment strategies and help mitigate potential biases in data 
donation samples.

● Oversampling: Our findings point to the need for oversampling of female users for DDP studies 
on YouTube and Instagram; as well as an oversampling of lower educated users for Facebook, 
Instagram, and YouTube. It furthermore remains a challenge to reach politically right leaning 
participants for data donation studies.
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● Impact of bias on research: Specifically, the engagement and political biases are highly relevant 
for typical research topics based on DDPs for political communication or media use effects. 
Current data donation samples run danger not just to be biased in terms of gender, age, or 
education, but to also consist of left leaning users that tend to use social media less intensively 
than the average user.

Conclusion

In conclusion, this study provides a comprehensive cross-platform analysis of data donation behavior, 
revealing significant disparities in willingness and actual donation rates across samples from YouTube, 
Facebook, Instagram, and TikTok. Notably, we observed that the likelihood of donating decreases with 
each additional platform, highlighting the increasing threshold for multi-platform data sharing. 
Additionally, donation rates are lower for TikTok than for YouTube, Instagram, and Facebook. 
Compared to single platform studies, the resulting donation rates are fairly low, which points to 
a research design with optional multi-platform donations not being very effective.

Our findings underscore the importance of considering platform-specific differences, as demo
graphic biases and significant predictors varied substantially. While we identified gender (f) as a strong 
negative predictor for all platforms at the willingness stage, political leaning was only significant at the 
donation stage for all platforms except Facebook. Furthermore, only for Facebook and TikTok donors, 
frequent posting and commenting was a negative predictor during the donation stage. In terms of 
non-response biases, only the Instagram donor samples are biased toward younger users, while the 
other platforms are biased toward users who share news and political content less frequently online, 
both publicly (YouTube, TikTok, Facebook) and privately (YouTube, TikTok).

This research contributes valuable information for researchers using data donation methodologies, 
emphasizing the importance of developing tailored recruitment strategies and careful consideration of 
potential biases to ensure the robustness of their findings. Future studies should delve deeper into the 
underlying motivations driving these platform-specific behaviors, specifically in relation to social 
media engagement, and explore effective strategies to mitigate identified biases, thus improving the 
reliability and validity of data donation-based research.
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