DETERMINANTS OF WILLINGNESS TO DONATE DATA 1

Determinants of willingness to donate data from social media platforms

Zoltan Kmetty*14, Adam Stefkovics*'2, Jalia Szamely*®, Dongning Deng*, Anikd Kellner?,
Edit Paulé*, Elisa Omodei®, Julia Koltai®*
1CSS-RECENS, Center for Social Sciences, Budapest 21QSS, Harvard University, Cambridge
3Department of Network and Data Science, Central European University, Vienna “Faculty of Social
Sciences, E6tvos Lorand University, Budapest, "MTA-TK Lendiilet “Momentum” Digital Social
Science Research Group for Social Stratification, Centre for Social Sciences, Budapest

*These authors contributed equally: Zoltan Kmetty, Adam Stefkovics, Jlia Szamely

Author notes

Conflicts of Interest: The authors declare no conflict of interest.

Data availability: Data is available in the repository of CSS-KDK:
https://openarchive.tk.mta.hu/584/ DOI: 10.17203/KDK584

Ethics approval: Ethical review and approval were waived for the Hungarian study because
data was anonymized within the fieldwork of the study. The results do not allow identification of the
individuals involved in the Hungarian study. The authors and the fieldwork agency managed all
information collected in accordance with the General Data Protection Regulation (GDPR). The US

study has been approved by the Harvard Institutional Review Board (IRB22-0942).

Corresponding author: Zoltdn Kmetty, kmetty.zoltan@tk.hu. Centre for Social Sciences, CSS-
RECENS Research Group, 1097 Budapest, Toth Kalman u. 4., Hungary


https://openarchive.tk.mta.hu/584/
http://dx.doi.org/10.17203/KDK584

DETERMINANTS OF WILLINGNESS TO DONATE DATA 2

Abstract

Social media data donation through data download packages (DDPs) is a promising new way of
collecting individual-level digital trace data with informed consent. Nevertheless, given the novelty of
this approach, little is known about whether and how people would share their data with researchers,
although this could seriously affect selection bias and thus, the outer validity of the results. To study
the determinants of data-sharing and help future data donation studies with detecting the conditions,
under which the willingness is the highest, we pre-registered two vignette experiments and embedded
them in two online surveys conducted in Hungary and the U.S. In hypothetical requests for donating
social media data via DDPs, we manipulated the amount of the monetary incentives (1), the presence
or lack of non-monetary incentives (2), the number of requested platforms (3), the estimated
upload/download time (4), and the type of requested data (5). The results revealed that data-sharing
attitude is strongly subject to the parameters of the actual study, how the request is framed, and some
respondent characteristics. Monetary incentives increased willingness to participate in both countries,
while other effects were not consistent between the two countries.

Keywords: data donation, DDP, data-sharing, digital trace data, linking survey data
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Determinants of willingness to donate data from social media platforms

Digital traces on social media platforms can be promising sources of information for researchers
in various fields (Stier et al., 2020). In contrast to self-reports from surveys, which may imply
measurement errors due to recall or social desirability bias (Araujo et al., 2017; Ohme et al., 2021; Parry
et al., 2021; Scharkow, 2016), digital traces are assumed to provide reliable behavioral data. Surveys,
on the other hand, allow researchers to gain access to self-reported beliefs and attitudes, as well as the
socio-demographic information of the respondents. Linking individual digital behavioral data with
survey responses holds the promise of giving context of behavior on social media platforms, and
therefore scientific attention in combining these data sources has substantially grown recently.

However, accessing digital social media data has recently become increasingly difficult. After
the Cambridge Analytica scandal in 2018, many platforms, including Facebook decided to strongly
restrict the use of Application Programming Interfaces (APIs) (Breuer et al., 2022; Bruns, 2019;
Freelon, 2018), which pushed researchers to explore other approaches, such as web-scraping (Christner
et al., 2021; Mancosu & Vegetti, 2020), novel partnerships between industry and academia (King &
Persily, 2020), passive data collection methods as web-tracking and browser plugins (Keusch et al.,
2019; Silber et al., 2022) or data donation (Boeschoten et al., 2022; Breuer et al., 2020, 2022). The
chosen data collection approach may be influenced by the research question, the resources available,
and even the skills and capabilities of the research team (Ohme et al., 2023).

Out of these solutions, this article focuses on data donation involving data download packages
(DDPs, Boeschoten et al., 2022). DDPs are a collection of historical user data stored on social media
platforms consisting of behavioral (e.g., likes), textual (messages), media (photos, videos), or location
data. Social media users have been able to download their DDPs from major platforms because GDPR
obliged platforms to provide access to their users to the data collected about them. Given the unique
scientific value of this data, researchers have recently shown great interest in data donation. In data
donation studies participants are typically recruited with standard survey sampling techniques, then
asked to download their own social media data through DDPs and provide them to the researchers for
analysis with informed consent (Boeschoten et al., 2022, Breuer et al., 2022). One key advantage of the
approach is that it helps overcome some of the privacy concerns of the API approach, such as consent
giving. Whilst in the case of platform-centric data collection users’ ability to monitor and understand
who uses their data and how they use it is limited (Halavais, 2019), user-centric approaches offer users
greater transparency and the chance to provide consent under clear research terms (Breuer et al., 2022).
Users’ data archives, moreover, provide a richer set of data compared to APl or scraping approaches,
which can support various analytical goals or can be easily linked to other (such as survey) data.
Nevertheless, data donation is more burdensome compared to other, passive modes of data sharing such
as web-browser plugins (Keusch et al., 2019; Silber et al., 2022), since participants are required to
actively download their data and then share it with the researchers. While data donation holds great

promise for studying online human behavior and some recent studies reported promising results
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(Baumgartner et al., 2022; Breuer et al., 2022; Kmetty & Bozsonyi, 2022; Kmetty & Németh, 2022),
little is known about how to best optimize such approaches.

This study aimed to understand the underlying mechanisms of willingness to participate in
academic research as a social media data donor. Earlier research has shown that digital data-sharing
behavior in a broader sense can be a function of, for instance, the offered incentives, the study’s sponsor
and various other factors (see e.g., Pfiffner & Friemel, 2023; Silber et al., 2021; Struminskaya et al.,
2020; Struminskaya et al. 2021). Our research expands existing knowledge by examining willingness
to share DDPs and addressing previously uncovered factors (such as the type of social media data). We
further contribute to the literature by running the same vignette experiments in two countries (the United
States and Hungary) allowing for a cross-national comparison. Our results can add to the understanding
of the characteristics of nonresponse bias in the case of data donation, which can raise awareness of the
dimensions, thereby limiting the generalization of the results (Breuer et al., 2020). These results also
provide grounds for nonresponse adjustments. Additionally, uncovering the determinants of willingness
to donate such data can directly help researchers improve their recruitment strategies and research
design.

Determinants of data sharing behavior and hypotheses

Incentives

Social exchange theory (Thibaut & Kelley, 2017) implies that research participants’ willingness
of engagement is affected by their assessment of the rewards and costs of the action (Dillman, 2000;
Keusch, 2015). Survey respondents are similarly expected to weigh the pros and cons of participation
as proposed by both survey participation- (Groves & Couper, 1998) and leverage-saliency theory
(Groves et al., 2000). Perceived rewards include internal rewards (e.g., feeling satisfied from scientific
contribution) and external rewards (e.g, getting incentives such as price rewards). Monetary incentives

are one of the most common approaches to motivate participation (Keusch, 2015).

Many empirical findings have proven the effectiveness of monetary incentives in motivating
people in research participation, such as responding to web surveys (see Goritz, 2006 for a meta-analysis
or Keusch, 2015 for a review), and sharing digital trace data (Keusch et al., 2019; Silber et al., 2022).
The results of Silber et al. (2022) showed that providing monetary incentives can have a positive effect
on the willingness to share social media data. Similar effects have been found regarding willingness to
share active and passive mobile data (Haas et al., 2020; Keusch et al., 2019; Sagvari et al., 2021).
Additionally, earlier studies (Keusch et al., 2019; Revilla et al., 2019) have found that incentives that
are too low were among the two main reasons for not participating in digital data sharing®. By contrast,
Jackle et al. (2019) and Beuthner et al. (2023) found no effect of incentives on downloading an app or

sharing different types of data. Silber et al. (2022) also reported that incentives do not necessarily

! The other main reason was privacy concern.
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motivate all types of data-sharing (e.g., they do not work in the case of sharing highly sensitive health
data).

In the case of data donation, little is known about the optimal amount and method of offering
incentives. Too high incentives may make respondents suspicious and assume that their data are highly
valuable, and eventually decreasing their likelihood of participation (Silber et al., 2022). The challenge
here is to estimate the optimal amount of incentive. In the context of data donation, relatively high effort
is required from participants. To match with this high cost, we assume that a higher monetary incentive
will make respondents more willing to donate their data. As we employed realistic incentive levels, we
did not expect any non-linear or counterproductive effects associated with the highest incentive

amounts.
H1la. Higher monetary incentives increase the willingness to donate data.

In addition to monetary incentives, we were also interested in whether obtaining a(n automated)
summary report on the participant’s own data affects their willingness to donate their data. Summary
reports may contain interesting findings such as contrasts between participant-specific data and the
overall sample. Offering summary reports has been successfully used to motivate participation in
business-to-business (Keusch, 2015) and medical web surveys (Bietz et al., 2019; Edwards et al., 2009).
However, for other web surveys, such non-monetary incentives had no or even a negative impact (see
Keusch, 2015 for a review). Despite the mixed evidence in the literature (which may be due to the
diverse range of outcomes examined in the literature), theoretically it is more plausible to expect a
positive association. Thus, we hypothesize that offering summary reports will have a positive impact

on willingness to donate data.
H1b. Offering summary reports increases willingness to donate data.
The number of platforms and the time required to download and upload data

When deciding on participation, respondents also take into account the costs that derive from
the perceived difficulty and burden of the data-sharing process. Both difficulty and burden can be higher
in the case of data donation compared to other passive digital data collection methods (Keusch, 2015;
Silber et al., 2022). Bradburn (1978) distinguished four elements of respondents’ burden regarding
surveys: length, frequency, required effort, and caused stress. Following Bradburn’s dimensions, the
length of the task increases with the number of platforms involved in the request (clicks, download and
upload time), as well as the required effort. Therefore, the more platforms involved in the request, the
greater burden the participants may have. Each platform requires a somewhat different task from that

of the downloader because the download procedure varies by platform. Moreover, the more platforms
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involved, the more likely respondents’ privacy concerns emerge (see more about privacy issues in

Section 2.4).

Time can also be a type of burden. In the case of data donation, the downloading, processing,

and uploading time can last for hours or days, which is longer than a usual survey participation.

According to these results, we expect that willingness to donate will decrease with the increase
in the number of requested platforms, and that a declared longer download/upload time will also hinder

cooperation.
H2a. Asking for more platforms decreases the willingness to donate data.
H2b. A longer download/upload time of the data decreases the willingness to donate data.

Types of data

On Social media platforms, users can share different types of user-generated content, such as
textual content (tweets, posts, comments) or audio-visual materials (pictures and videos), which can be
valuable data sources for research (Breuer et al., 2021). When people are asked about their participation
in a data donation study, the type of data requested may affect how they decide. The level of sensitivity
of the data to be donated is a particularly relevant aspect of these decisions. One of Bradburn’s (1978)
respondent burdens is the stress caused by the task, i. e. the discomfort the respondents feel while
participating in the study. Such stress may derive from privacy issues: participants can be reluctant to
be involved in the data collection because, for instance, the data to be shared is sensitive or confidential
(Breuer et al., 2022). Pfiffner and Friemel (2023) examined willingness to donate data in non-
experimental hypothetical settings and found that higher perceived data sensitivity was associated with
lower willingness to donate; moreover, the level of perceived sensitivity of data was the most influential
factor in determining the willingness to donate.

Nevertheless, it is not completely clear which types of digital data are considered sensitive by
the users. Photos and videos can be sensitive because people can be directly or indirectly identified
(Christen et al., 2020), which can lead to users’ (and others') exposure to several risks (Bioglio & Pensa,
2022). Geolocation data can similarly uncover personal information, such as home, work, or school
addresses, therefore likely evoking privacy concerns (Wenz et al., 2019).

Silber et al. (2022) reported the highest willingness to share Spotify data (59.1 percent, musical
data), and the lowest for Facebook (31.2 percent, various types of data) with Twitter in the middle (41.4
percent, mostly textual content). In their other survey, 24 percent of the users shared their Twitter data,
whereas less than 10 percent shared their health app data. Beuthner (2023) compared consent rates for
seven types of domains and found that willingness to share Facebook data was relatively high (above

50%) compared to other administrative domains such as bank account or health insurance data sharing.
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Pfiffner & Friemel (2023) found that compared to their activities on Google, people demonstrate a
higher willingness to share what they encounter on social media. Additionally, individuals are least
inclined to donate data that includes details about their personal social network, encompassing friends
and followers.

Research on sensor-based data sharing also shows that willingness to share is partly a function
of the requested data type. Wenz et al. (2019) found that respondents were less willing to share the GPS
location of their smartphone compared to other tasks involving less confidential data (e.g., completing
a questionnaire, or downloading an app). Revilla et al. (2016, 2019) reported that respondents’
willingness to take and share pictures was higher compared to providing access to their Facebook
account or sharing geolocation data. In contrast, in the study of Struminskaya et al. (2021) tasks that
involved photographing or video-taking one’s surroundings at home yielded far lower willingness to
share rates compared to providing geolocation data with a sensor (see Struminskaya et al. (2020) for a
similar approach with somewhat different results). Nevertheless, Kreuter et al. (2020) and Sagvari et al.
(2021) did not find significant differences between willingness to share different, passively collected
data.

To sum up, earlier findings suggest that the type of data matters in the decision on participation,
and respondents perceive geolocation data as less private compared to photos and videos. Nevertheless,
reluctance to share audio-visual materials strongly depends on the content that is being recorded.
Additionally, most of these studies requested respondents to actively take pictures or videos for the
current study, thus participants had more control over what they shared. In the case of a social media
data donation, screening all content before the donation is more burdensome. For this very reason, in
our hypotheses, we did not differentiate between willingness to share audio-visual materials and
geolocation data but expected that willingness to share would be lower in both cases, so when the

request involves pictures and videos, as well as geolocation data.
H3a. Asking for pictures/videos of the user decreases the willingness to donate data.
H3b. Asking for geolocation data of the user decreases the willingness to donate data.

Respondents’ characteristics
Finally, we summarize respondent characteristics that might affect willingness to donate data.
Given that the main focus of this paper was the impact of the details of a hypothetical request on
participation willingness, no particular hypotheses were developed for the following factors.
Participating in a data donation study is an active task that requires a basic level of digital
literacy (Baumgartner, 2022), and therefore can place more burden on people with lower technical
skills. Self-assessed smartphone skills in earlier studies, however, show contradictory results: Wenz et

al. (2019) and Ohme et al. (2021) found that participants with higher phone skills were more willing to
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participate, but in the study of Keusch et al. (2019) and Struminskaya et al. (2020) these skills were not
associated with the willingness to participate.

As we discussed earlier, privacy concerns are likely to evoke when sensitive and private data
is involved in data donation. Previous studies show that privacy and security concerns lower the
willingness to participate (Jackle et al., 2019; Pfiffner & Friemel, 2023; Revilla et al., 2019;
Struminskaya et al., 2020, 2021; Wenz et al., 2019, but see Elevelt et al., 2019 and Silber et al. 2022 for
null results). Indeed, they are the most mentioned reasons for not being willing to participate in digital
data sharing (Jackle et al., 2019; Keusch et al., 2019; Revilla, et al., 2019).

Psychological traits can also play a role. Earlier research examined the effect of the Big Five
traits on item/unit nonresponse, or attrition in surveys (Briiggen & Dholakia, 2010; Cheng et al., 2020;
Kmetty & Stefkovics, 2021; Lugtig, 2014), and on downloading an app and sharing passive (Elevelt et
al., 2019) or social media data (Silber et al., 2022). The results of these studies are inconsistent. Some
studies found that conscientiousness, one of the Big Five traits, can increase participation while sharing
GPS data is higher among introverts (Elevelt et al., 2019). However, Silber et al. (2022) did not find
such positive effects regarding these psychological traits on sharing social media or health data.

Willingness to share data can also be a function of usage of the platform or device. Generally,
it can be assumed that heavy users may be more open to data sharing (Breuer et al., 2022). Silber et al.
(2022), for instance, found that a higher platform usage increased the likelihood of sharing social media
data, but not health app data.

Finally, among sociodemographic factors, age is one of the major determinants of digital
technology use and attitudes toward digital technologies as well (Sagvari et al., 2021). Age likely
correlates with the willingness to participate in digital data collection, as participation willingness is
typically higher in the younger generation (Pinter, 2015; Elevelt et al., 2019; Silber et al., 2019; Sagvari
etal., 2021), and it decreases after age 50 (Mulder, & Bruinje, 2019). Other socioeconomic factors, like
education, settlement type, and region, are not clearly associated with the willingness to participate
(Pinter, 2015; Sagvari et al., 2021).

Data and methods
Data

We collected two datasets for this study and conducted one survey experiment in Hungary and
another one with a similar design in the U.S. In Hungary, the survey was administered by an online
polling company, NRC, on a non-probability access panel. The NRC panel consists of more than
140,000 people. Compared to the general population of Hungary, individuals with a high level of
education and from bigger cities are overrepresented in the panel. We used a quota sampling method
(with quotas for gender, age, and geographical region) to ensure equal representation. The company
gives regular incentives for the respondents of their studies. Altogether 1,000 respondents participated

in the Hungarian study. The fieldwork was carried out between 11-25, May 2022.
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The U.S. dataset is a based on a panel of Harvard University called Harvard Digital Lab for
Social Science (DLABSS). DLABSS is a pool of survey respondents primarily recruited using social
media and other free sources. Respondents do not get incentives for filling out surveys in the panel. The
size of DLABSS's pool is growing rapidly, currently counting nearly 30,000 volunteers. A study by
Strange et al. (2019) found that such volunteer panels can replicate classic and contemporary social
science findings and produce high levels of overall response quality comparable to paid subjects. In the
end, 844 respondents participated in the U.S. study. The fieldwork was carried out at the end of 2022,
between October 14 and November 8.

Both data collections and studies were pre-registered before the data collection. The
anonymised pre-registration for the Hungarian study is available here:
https://osf.io/rdkxm?view_only=af4b7da2abal4495b2e5df280b68a37d ; and for the U.S. study is here:
https://osf.io/tvefj/?view_only=728b0fa3b66a4c47abcebc30dd07b08e
Design of the survey experiment

We built up the survey experiments similarly in the two countries. We applied a mixed factorial
vignette design. Respondents had to evaluate multiple situations (called vignettes), in which we
manipulated various dimensions of a fictional research. At each vignette, they had to provide the
likelihood of their willingness to donate their digital data in such research on a 0 to 10 scale. These
manipulated dimensions of the fictional research were the following (an example of the vignettes is
available in the appendix).

Table 1
Table title

Table 1 here

Altogether we had 192 possible combinations of the dimensions in the following way: 4
[platform] * 4 [range of data] * 2 [time] * 3 [incentive] * 2 [report]. In the Hungarian study, we created
16 decks (packages of vignettes) and assigned 12 vignettes to each deck (16*12=192). Thus, one
respondent had to evaluate 12 different situations. With the expected (and then realized) 1,000
respondents we had around 67 respondents per deck. The twelve vignettes per respondent is a relatively
high number. To assess the validity of the results, we also conducted a robustness check (see the results
section for more details).

The U.S. data comes from a volunteer panel, where we expected a higher dropout rate in a
repetitive task than among paid panel members, like the Hungarian ones. To overcome the possible
bias and high dropout rate caused by the large number of vignettes per respondent, we followed a
slightly different strategy in the U.S. study. In this study, we created 16 decks as well, but only assigned
five vignettes to each deck. We used the optBlock function of the AlgDesign package (Wheeler &


https://osf.io/r4kxm?view_only=af4b7da2aba14495b2e5df280b68a37d
https://osf.io/tvefj/?view_only=728b0fa3b66a4c47abcebc30dd07b08e
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Braun, 2019) in R to find the best design. This function uses the D criterium to optimize vignette
allocation. With this design, we had around 52 respondents per deck.

According to our previous power calculation, with this design 700 respondents would have
been enough to achieve a 0.95 power with a 0.1 (small) effect size in both countries. The final sample
sizes were over this limit.

Variables

We used the following independent variables in the analysis: gender, highest level of education,
age, subjective wealth, frequency of social media usage, number of social media platforms used by the
respondent, Internet Users’ Information Privacy Concerns (IUIPC) scale, privacy concerns, Affinity for

Technology Interaction Scale big five (BF) inventory.

There were no missing values in the dependent variable, only in the independent ones. In 26
and 28 percent of the cases in the Hungarian and U.S. study, there was at least one missing variable. To
handle these missing values in the dataset in order not to lose too many cases, we applied multiple
imputations. We included all the independent variables in the imputation process and used predictive-
mean-matching (PMM) for the procedure. We created five imputed datasets and calculated the pool
results in the regression models. We used the ‘mice’ package of R (van Buuren et al., 2015) for these
calculations.

Analytical strategy

As the first step of our analysis, we applied a variance component model to understand how
much of the variation in the response variable — willingness to donate digital footprint data — is explained
by vignette level and respondent level characteristics.

As a next step, a set of multilevel regressions were performed as we had two levels in the data:
one for the vignettes and another one for the respondents (because one respondent evaluated multiple
vignettes). In the regression models, we allowed for random intercepts by the respondents, first
regressing only vignette-level variables on willingness to donate data, then we added respondent-level
characteristics as well.

We carried out the analysis using the ‘lme4’ (Bates et al., 2015) and related packages in R.
Results
Study 1. Hungary

Twelve vignettes were assigned to 1000 respondents in the Hungarian study, thus we had
12,000 cases on the vignette level. Thirty percent of the vignettes, respondents indicated that it is not
likely at all that they would donate their data under the given circumstances, while maximal willingness

was shown in 14 percent of the vignette cases. The mean value of the willingness questions was 4.2 on
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the 0 to 10 scale?. On the respondent level, 18 percent refused any kind of data sharing, regardless of
the vignette content (answered zero to all twelve vignette situations they evaluated).

In the first step of the analysis, we applied a variance component model on the Hungarian
dataset (Table 2, first column). The results of this analysis showed that variation at the deck level is not
significant, while variation on the respondent level explains 79.7 percent of the variation in the
willingness to donate data, and the remaining 20.3 percent of the variation is explained by the vignette
level.

In the next step of the analysis, we added the vignette-level variables. Regressing the outcome
variable on the vignette-level explanatory variables (Table 2, second column) showed that incentive,
platform, and data type have significant effects on the outcome variable (with incentive having the
strongest effect), while the effect of report provision and the time to download/upload data are not
significant (see the relative strength of effects in Figure 1). The effect of the incentive variable on the
willingness to provide data is positive, with a 0.25-point increase in the expected value of the outcome
variable with each additional amount of HUF worth 10 USD at Purchasing Power Parity (PPP). The
effect of the platform variable means that compared to donating digital footprint data from the
respondent’s Facebook account only, the more platforms the respondent is required to provide digital
footprint data from, the less likely they are to do so. The effect of the type variable means that as
compared to providing all data except private messages, respondents are on average less likely to
provide their data if private messages and photos and videos are excluded, as well as if private messages,
photos, videos, and location are excluded. As these results are quite counter-intuitive, we will get back
to their explanation in the discussion®.

Figure 1
Figure title

Figure 1 here

Next, we added a set of respondent-level explanatory variables to the regression, allowing for
random intercept by respondents (Table 2, third column). The results show that with the inclusion of
control variables, the same vignette-level variables remain significant as in the previous setup, i.e. Hla,

H2a, H3a, and H3b remain confirmed, and H1b, H2b remain contradicted. The strength of the vignette-

2 For a robustness check of the results, we calculated the standard deviation of the willingness probability for the
first and second six vignettes. A smaller standard deviation might have been a sign of fatigue for the respondent.
Based on Barlett's test, we did not find differences between the standard deviations (p =.39) of the two sets.

3 For robustness check, we re-ran this multilevel model with the first six and second six vignettes separately (see
Table Al in the supplementary). There were some differences between the evaluations of the first and second
six vignettes. Still, the incentive had the most pronounced positive effect in the regressions fitted to both
vignette groups. For the second six vignettes, fewer variables have a significant impact which may indicate
fatigue and less attentive evaluation.
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level variables does not change significantly either as compared to the regression with only vignette-
level variables. Moreover, gender and age, as well as education are significant in explaining willingness
to donate data. Female respondents are on average less likely to donate data, the older the respondent
the less likely they are to donate, and the higher the level of the respondent’s education the more likely
they are to be willing to provide their digital footprint data. Subjective wealth showed no significant

effect on the outcome variable.

Of the other control variables, only the number of platforms visited had a significant effect on
the likelihood of sharing data. Those using multiple platforms were more likely to share their data. After

including the control variables, the explanatory power of the model went up to 7.3 percent.
Table 2
Table title

Table 2 here

Study 2. USA

We had 844 respondents in the U.S. study with 5 vignette evaluations. resulting in 4,174
vignette evaluations. 59 percent of the cases on the vignette level respondents answered that it is not
likely at all that they would donate their data under the given circumstances, and we observed the highest
level of willingness in only 5 percent of the cases. The mean value of willingness was 2.1 ona 0to 10
scale, where higher values mean higher willingness. On the respondent level, 52 percent mentioned that
it is not likely at all that they would share their data regardless of the vignette content (answered zero
to all 5 vignette situations). Overall, the willingness rate was much lower in the U.S. sample, than in
the Hungarian one.

Similarly to the analysis of the Hungarian dataset, in the first step of the analysis, we applied a
variance component model on the U.S. dataset (Table 3, first column). The results of this analysis show
that in the U.S. dataset, the individual level explains 85.2 percent of the variation of the outcome
variable, the deck level explains 0.6 percent of the variation, while the remaining 14.2 percent of the
outcome variable’s variation is explained by the vignette level.

When we added the vignette-level variables (Table 3, second column), we found that with the
exception of data type, all vignette-level variables have significant effects on the willingness to donate
data. Increasing the incentive has a positive effect on willingness to donate, 0.35-point increase in
willingness with every additional ten USD, the same effect as in the Hungarian case. Offering a report
has a significant positive effect on the outcome variable. Asking for data from more platforms affects

willingness positively — contrary to the effect found in the Hungarian data. The effect of the time of
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download/upload is negative, and while pointing in the same direction, it is an order of magnitude larger
than in the Hungarian data. As the results of the regressions with standardized variables show (Figure
2), similarly to the Hungarian dataset, the effect of incentive is the strongest among the vignette-level
variables. These results confirm hypotheses Hla, H1b, H2b, and H3b, and contradict hypotheses H2a
and H3a in the U.S. dataset. Hla was therefore confirmed by both the Hungarian and U.S. datasets,
while the evaluation of the rest of the hypotheses varied across the two datasets.

Figure 2

Figure title

Figure 2 here

Next, introducing respondent-level variables in the regression, while allowing for random
intercepts by respondents (Table 3, third column), we found that the significance of the effects of
vignette-level variables do not change, and the magnitudes of coefficients change only slightly
compared to the previous model, which only included vignette-level independent variables. Gender has
a significant effect, such that female respondents are more likely to donate their data (opposite as in
Hungary). The effect of one of the IUIPC indicators is significant, specifically, having a more positive
opinion about how one’s personal data is generally collected affects willingness to donate data
positively. The number of used platforms is positively associated with the outcome variable, and also
the frequency of social media usage. After including the control variables, the model's explanatory

power went up to 14,3, which is higher than the Hungarian case.
Table 3
Table title

Table 3 here

Discussion

This study aimed at understanding the mechanisms underlying the respondents’ willingness to
participate in an academic study as a social media data donor. To this end, we designed two vignette
experiments embedded in two online surveys conducted in Hungary and in the U.S. In hypothetical
requests for donating social media via DDPs, we manipulated the amount of monetary incentives (1),
the presence or lack of non-monetary incentives (2), the number of platforms to which one is requested
to donate (3), the estimated upload/download time (4), and the type of data to be donated (5). The
results revealed that data-sharing attitudes are subject to the parameters of the actual study, and some

respondent characteristics.
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Monetary incentives were the strongest motivators of willingness to donate data in both
countries, although the effect was stronger in the Hungarian sample. This finding is consistent with
earlier results (Haas et al., 2020; Keusch et al., 2019; Sagvari et al., 2021; Silber et al., 2022).

Non-monetary incentives had a positive effect on willingness in the U.S. sample but not in the
Hungarian one. This difference can be linked to the differences between the two online panels. While
the Hungarian panel is a standard access panel where panel members regularly receive points and even
monetary incentives for completion, the DLABSS panel is fully volunteer based. Receiving a summary
report of the participant’s digital behavior compared to others can be more motivating for volunteer
panel members than for members who normally answer surveys for monetary incentives.

The perceived cognitive burden of the task inconsistently influenced the willingness to donate
in the two countries. In line with our hypotheses, the more platforms were included in the request the
less likely Hungarian respondents would have participated in the study, while we found an opposite
effect in the U.S. sample. Our findings do not provide a clear explanation for these contradictory
findings thus further research is needed. In line with earlier studies (Keusch et al., 2019; Sagvari et al.,
2021) longer download and upload time was strongly associated with lower willingness in the U.S.
sample, but not in the Hungarian one.

Earlier research suggested that participation can be a function of the requested data type, and
especially depends on the sensitivity of the data type. Our results are not clearly in line with these
results. The type of data had no effect on the responses in the U.S. sample, while in the Hungarian
sample, respondents were somewhat more likely to share their data when more data types (including
sensitive data) were asked from them. A possible explanation of this result is in the phrasing of the
situation: when respondents saw the vignettes where the excluded data types were explicitly listed after
each other, it decreased their willingness to share data compared to the condition that asked for the most
data, so did not specify, and list the types of excluded data. This suggests that detailed information about
the different types of data included in the DDPs may decrease willingness.

Lastly, some respondent characteristics influenced willingness to donate in a significant way.
For instance, older and highly educated respondents were more likely to share their data in the
Hungarian sample. The results reinforced that privacy and security concerns lower the willingness to
participate (Jackle etal., 2019; Revilla et al., 2019; Struminskaya et al., 2020, 2021; Wenz et al., 2019),
at least among U.S. respondents. Consistently in the two samples, participants with multiple platform
usage were more likely to donate their data, but for instance, the affinity for technology or personality
traits (e.g., openness) of respondents did not influence willingness significantly. Nevertheless, to the
extent that these self-reports overlap with actual sharing behavior, our findings altogether suggest that
data donation studies should expect strong and systematic selection bias.

The differences in the observed mechanisms found between the two countries may have several
reasons. The relatively large cultural differences between American and Hungarian society might cause

varying levels of trust in technology companies, cultural norms surrounding data sharing, and awareness
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and understanding of the benefits and implications of data donation. Moreover, even if these differences
are small, the two online panels were somewhat different in their nature, as we explained earlier. To
enhance our comprehension of cross-country differences, further research is needed. However, our
results indicate that extrapolating findings obtained from one country to another may be limited when
investigating participation in data donation.

Our study has multiple practical implications as well. First, the use of monetary incentives for
social media data donation requests is advised given the perceived high cost of the study from the
perspective of the respondents. We did not find that a too high incentive would backfire (Silber et al.,
2022), although our level of incentives was moderate?. Future research could explore the effect of higher
incentives to identify the point at which incentives begin to have a counterproductive impact. Second,
non-monetary incentives such as personal reports on the results may also be worth considering, although
they may not boost willingness in every context or culture. Third, the burden of the respondents should
be kept as low as possible. DDP requests are not routine tasks to most of the platform users. Pfiffner &
Friemel (2023) reported that only 7.75% of their study participants previously undertook such a request.
High download and upload times can deter people from participating. Choosing tasks with the lowest
burden and providing helping materials can help researchers to reduce participants’ burden. To better
understand our inconsistent findings about the number of platforms included in the request, further
research is needed. Fourth, although our results do not suggest strong evidence against asking for
specific data types, data donation requests should be carefully designed in this regard. Several earlier
studies suggested that the sensitivity of the data can lower the willingness to donate (e.g., Pfiffner &
Friemel, 2023). Fifth, reinforcing earlier findings, privacy concerns were strongly associated with
willingness in our U.S. sample, therefore, addressing privacy concerns is key in social media data
donation projects. Future studies should be conducted to explore how privacy concerns can be
mitigated, for instance, by using different framing, providing more information about data protection,
etc. Lastly, our study highlighted that nonresponse is expected to be high in such data donation requests,
and as we can assume that this nonresponse is not random, this likely translates to strong selection bias.
Future data donation studies need to develop strategies to handle different types of nonresponses.

One limitation of this study is the use of convenient samples, which limits the generalizability
of our findings. Generally, non-panel member internet users are expected to be less likely to participate
in data donation studies (Silber et al., 2022), although the extent to which the underlying mechanisms
differ between panel- and non-panel members is unclear. Nevertheless, an advantage of using these
panels can be that data donation research tends to be based on similar platforms and sampling frames.
This population, compared to a random population sample, is more open to a data donation study and,

due to its higher digital capabilities, is more likely to be able to retrieve and deliver its data. Another

4 Our models were also tested by including the variable measuring the incentive as a factor in the model rather
than continuously. The explanatory power of the models was not higher in the alternative runs, and the B values
of the incentive variable indicated that the effect of the variable of interest was linear.
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potential limitation is that we relied on self-reports and do not know to what extent willingness transfers
to actual donation. A possible direction for further research is to develop similar experimental designs
in which self-reports and real participation can be contrasted (see e.g., Struminskaya et al., 2021). Also,
while our data collection could "only" examine a hypothetical situation and not a "real" situation, it can
still provide important information on how to design "real" research. What platforms to ask for and
what data to ask for within those platforms is essential when designing a survey, as is the "minimum"
amount of money to ask for. In the context of willingness to participate, it is clear that the textual
framing of the research is necessary because participants do not have a clear understanding of what data
is available on these platforms. There are platforms such as Instagram and TikTok, where users have
no option to select which specific data they want to download, so users with lower digital literacy may
unknowingly provide data for research purposes they would not otherwise want to. Thus, framing
research on these platforms significantly impacts the actual donation. Although the detailed description
of the data requested will reduce the willingness to participate, ethical considerations should override
data collection efficiency, and it is vital to be as clear and precise as possible in telling participants what
data we ask them for and what this data will be used for.

Collecting individual-level social media data through DDPs with informed consent and linking
this data with survey data is a promising area of research (Boeschoten et al., 2022; Breuer et al., 2022).
Our study contributes to the understanding of the circumstances under which individuals are more likely

to share their data, and to the assessment of the self-selection bias in data donation studies.
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Appendix
A. Detailed operationalization of independent variables

Gender is a binary variable that assigns 0 to males and 1 to females. We measured the highest level of
education with six-category: from “primary” to “university diploma” in Hungary and from “some high school” to
“Ph.D.” in the US. We operationalized age with the year of birth. Subjective wealth was measured with five
categories, where the highest means that they live without financial problems, and the lowest means that they live
in deprivation.

To control social media usage, we used two variables. The first variable was the frequency of Facebook
usage on a 1 to 5 scale, where the lowest means never, and the highest means daily. The second variable was the
number of social media platforms, on which the respondent is active. Here we asked about the following platforms:
Facebook, Instagram, Twitter, Youtube, Linkedin, TikTok, and Spotify.

To measure respondents’ privacy concerns, we used the Internet Users’ Information Privacy Concerns
(IUIPC) scale (Malhotra et al., 2004). We applied a confirmatory factor model to extract the three latent
dimensions behind the eight validated items. According to our analyses, the model with the three latent variables
fit the data well (Hungary CFA:0.99, RMSEA: 0.068; U.S. CFA: 0.99, RMSEA: 0.038). Out of these three
dimensions, in the analysis, we only used the ‘control’ and ‘collection’ dimensions of the scale and omitted the
‘awareness’ one, as it highly correlates with the ‘control’ in both samples. High values of these dimensions mean
high control over personal information and concerns about the collection of personal data by companies.

For measuring privacy concerns, we calculated the principal component of the following two variables
(measured ona 1 to 7 scale):

e  “Most businesses handle the personal information they collect about consumers in a
proper and confidential way.”

e “Existing laws and organizational practices provide a reasonable level of protection for
consumer privacy today.”

High values here mean high trust in how businesses and organizations protect consumer data.

To measure the respondents' affinity for technology, we used the 9-item version of the Affinity for
Technology Interaction Scale (ATI — Franke et al. (2019). We calculated the mean of the items after reverse coding
the needed items. The value of the Cronbach alpha was 0.84 in the Hungarian study and 0.89 in the U.S. study.
High values here mean a high affinity for technology.

The last group of independent variables was the big five (BF) inventory (John et al., 2008): Extraversion,
Agreeableness, Conscientiousness, Neuroticism, and Openness. We used the 15-item version of the scale and
applied a confirmatory factor model to extract the dimensions. In both countries, the tested factor model fit the
data (Hungary CFA: 0.99, RMSEA: 0.034; US: CFA: 0.938, RMSEA: 0.062). We had to drop out the reversed

coded items from the models because of their poor fit in both the Hungarian and U.S. dataset.

B. Manipulated question (The bold parts were the manipulated part of the experiment.):

,,The various social media sites and platforms (Facebook, Instagram, Twitter, Google) allow users to
view and even download information and data about themselves stored on the site. This data is very valuable
from a scientific point of view since it captures behavioral patterns not observed elsewhere. Imagine a situation

in which you are asked by the Social Science Research Centre to participate in a survey. You are invited to fill
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in a questionnaire, and you are asked to share your Facebook data, excluding your private messages and
pictures/videos. Downloading the data to your computer and uploading it to the research page would take less
than 1 hour. For participating in the research, you would receive 3000 HUF and a personalized report on
your social media usage compared to the rest of the Hungarian internet population. Once uploaded, the
data would be anonymized and only analyzed for research purposes.

Please indicate on a scale of 0-10 how likely would you be to participate in such research! 0 indicates

not likely at all, and 10 indicates very likely.”

Table Al
Results of the Vignette Experiment split by the first and second six vignettes — Hungary (multilevel
mixed-effects linear regression)

Vignettes 1-6 Vignettes 7-12
(Intercept) 3.77 0.13 <0.001 3.17 0.14 <0.001
Incentive 0.24 0.01 <0.001 0.27 0.01 <0.001
Report 0.01 0.06 0.83 0.03 0.06 0.61
Platform: FB + Google -0.32 0.06 <0.001 0.01 0.06 0.80
Platform: FB + other -0.21 0.07 <0.001 -0.10 0.05 0.06
Platform: FB + Google +
Other -0.25 0.06 <0.001 -0.10 0.06 0.10
Time -0.04 0.05 0.37 -0.09 0.04 0.02
Type of data: no PM/loc -0.13 0.05 0.01 0.01 0.07 0.90
Type of data: no PM/vid -0.21 0.07 <0.001 0.02 0.06 0.79
Type of data: no PM/loc/vid -0.36 0.07 <0.001 0.03 0.06 0.58
Variances of random effects
Variance: constant 11.08 11.44
Variance: residual 2.76 2.13
Proportion of Level 1 variance 19.9% 15.7%
Proportion of Level 2 variance 80.1% 84.3%
Model fit
Variance explained (Level 1) 9.2% 11.6%
Variance explained (overall) 1.7% 1.6%
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Manipulated dimensions and their levels in the survey experiment

Dimension Levels Explanation
Platform - Facebook Our research was the first step in a more
- Facebook and Google extensive data donation project.
- Facebook and other social media  Facebook data plays a major
sites you use (Instagram, Twitter, role in our data donation research, so
Spotify) dtok his platf
- Facebook, Google and other we wanted to keep this platform as a
social media sites you use (Instagram,  reference.
Twitter, Spotify)
Range of - all, except: private messages Private messages include messages
data - all, except: private messages and  from the user and their conversation
location partners, so we did not consider this to
- all, except: private messages and  be shareable data, despite the
photo, videos participant's consent.
- all, except: private messages, and
photo, videos, and location
Time to - Less than an hour DDP data is never made immediately
- More than an hour available by the platforms and would
download/ ’
have to wait hours or even days to
upload become available for download. With a
data download/upload time of more than one
hour, we wanted to explore whether it
makes a difference if the respondent
cannot resolve the request within one
session.
Incentives - 3000 HUF/ $10 3000 HUF was around 8 U.S. dollars
- 5000 HUF/ $20 during the data collection. In order to
- 10 000 HUF /$30 standardize the money incentives in the
two surveys, we converted the
Hungarian Forint to U.S. dollars and
adjusted it with purchasing power
parities (see:
https://data.oecd.org/conversion/purchas
ing-power-parities-ppp.htm)
Additional - Yes Additional reports mean feedback and
report - No summaries on social media usage, such

as activity patterns, closest friends
based on activity, or the number of
friends over time.
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Results about willingness to donate data — Hungary (multilevel mixed-effects linear regression)

Null model Model with vignette Model with
dimensions vignette dimensions
and controls

(Intercept) 425 0.11 <0.001 355 0.12 <0.001 493 1.17 <0.001
Incentive 0.25 0.01 <0.001 0.25 0.01 <0.001
Report 0.01 003 066 001 0.03 0.68
Platform: FB + Google -0.19 0.04 <0.001 -0.19 0.04 <0.001
Platform: FB + other -0.21 0.04 <0.001 -0.21 0.04 <0.001
Platform: FB + Google + -0.18 0.04 <0.001 -0.18 0.04 <0.001
Other
Time -0.03 0.03 0.34 -0.03 0.03 0.34
Type of data: no PM/loc -0.06 0.04 014 -0.06 0.04 0.13
Type of data: no PM/vid -0.19 0.04 <0.001 -0.2 0.04 <0.001
Type of data: no PM/loc/vid -0.22 0.04 <0.001 -0.22 0.04 <0.001
Controls
Gender -0.59 022 0.01
Age -0.03 0.01 <0.001
Education -025 0.1 0.01
Subjective wealth -0.11 0.12 0.36
IUIPC_control 0.07 0.1 0.46
IUIPC_collect -0.12 0.08 0.2
Privacy beliefs 0.12 0.09 0.23
Tech attitudes 0.12 011 0.27
BF: openness 0.09 0.16 057
BF: conscientiousness -0.05 0.17 0.77
BF: extroversion 0 0.1 0.98
BF: agreeability 0.06 0.17 0.73
BF: neuroticism -0.01 0.09 0.88
Social Media usage frequency 0.19 0.14 0.18
No of platforms 0.14 0.06 0.03
Variances of random effects
Variance: constant 11.14 11.18 10.37
Variance: residual 2.84 2.59 2.59
Proportion of Level 1 variance 20.3% 18.8% 20.0%
Proportion of Level 2 variance 79.7% 81.2% 80.0%
Model fit
Variance explained (Level 1) 8.8% 8.8%
Variance explained (Level 2) 0.0% 6.9%
Variance explained (overall) 1.5% 7.3%
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Model with vignette

Model with
vignette dimensions

Null model dimensions and controls
(Intercept) 2.07 012 <0.001 1.39 0.12 <0.001 047 0.96 0.62
Incentive 0.35 0.02 <0.001 0.35 0.02 <0.001
Report 0.15 0.05 0.01 015 0.05 <0.001
Platform: FB + Google 0.14 0.05 001 014 0.06 0.01
Platform: FB + other 0.1 0.05 0.07 0.1 0.05 0.06
Platform: FB + Google +
Other 0.18 0.06 <0.001 0.19 0.06 <0.001
Time -0.38 0.04 <0.001 -0.38 0.04 <0.001
Type of data: no PM/loc -0.01 0.06 08 -0.01 0.06 0.82
Type of data: no PM/vid -0.04 005 046 -0.03 0.06 053
Type of data: no PM/loc/vid 0.06 005 03 006 006 03
Controls
Gender 0.35 0.16 0.03
Age -0.01 0.01 0.08
Education -0.01 0.06 0.84
Subjective wealth -0.14 01 017
IUIPC_control 0.18 0.17 0.32
IUIPC_collect -0.54 0.13 <0.001
Privacy beliefs 0.12 0.13 0.39
Tech attitudes 0.06 0.12 0.62
BF: openness 0.07 0.18 0.7
BF: conscientiousness -0.36 0.18 0.05
BF: extroversion -0.02 0.1 0.8
BF: agreeability 0.24 019 0.23
BF: neuroticism 0.03 0.05 057
Social Media usage frequency 0.27 0.12 0.03
No of platforms 0.24 0.09 0.01
Variances of random effects
Variance: constant 8.27 8.28 6.99
Variance: residual 1.44 1.32 1.33
Proportion of Level 1 variance 14.8% 13.8% 16.0%
Proportion of Level 2 variance 85.2% 86.3% 84.0%
Model fit
Variance explained (Level 1) 8.3% 7.6%
Variance explained (Level 2) 0.0% 15.5%
Variance explained (overall) 1.1% 14.3%




DETERMINANTS OF WILLINGNESS TO DONATE DATA

Figures

Figure 1

27

Relative effects of vignette level characteristics on willingness to donate data; only vignette level
independent variables; allowing for random intercept. Standardized regression coefficients. Hungary.
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Relative effects of vignette level characteristics on willingness to donate data; only vignette level
independent variables; allowing for random intercept (Model 2). Standardized regression coefficients.
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