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Abstract

Meta-consent allows patients to predefine under which circum-
stances their health data can be used in research. While this consent
approach supports self-determination, its practical implementation
remains hindered by challenges such as complexity and informa-
tion overload. This study develops a patient-centered meta-consent
framework for Germany addressing these challenges. Through a
scoping literature review and representative survey (N=1534), we
derived patient-centered decision dimensions encompassing the
how, when, and what of data use for research, and patient fac-
tors, i.e., values and demographic characteristics influencing data-
sharing decisions. We identified three patient types characterized
by their patient factors: Privacy-Conscious, Science-Oriented, and
Altruistic. Our analysis revealed that the perceived relevance of
the decision dimensions varied by type. This allowed us to derive
tailored recommendations to reduce complexity by focusing on dif-
ferent dimensions per patient type. Future work can build upon our
framework to implement meta-consent systems accommodating
diverse user needs for informed data-sharing decisions.
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1 Introduction

Recent research highlights how conventional informed consent
processes often fail to support individuals in making meaningful,
well-informed decisions, particularly regarding sharing sensitive
data [14, 18, 40]. This challenge is especially critical in medicine,
where high-quality health data are essential for advancing digital
health, but the open-ended nature of data-driven research makes
obtaining truly informed consent difficult [39]. This study is sit-
uated in the context of meta-consent for the secondary use of
health data and forms part of an interdisciplinary project with
a university clinic, medical informatics researchers, and medical
technology providers. Meta-consent is a flexible consent model
that allows people to predefine how they want to be asked for
permission to share their data [26]. This configuration is achieved
by assigning consent preferences across decision dimensions that
describe different aspects of data use for research purposes (e.g.,
data types, anonymization). For instance, patients' may indicate
that anonymized data may be routinely shared for non-commercial
research, while requiring explicit consent for any commercial re-
search use. Thus, by limiting options to those relevant to individuals
who share their data, this consent model aims to strike a balance
between individual self-determination and practical feasibility [25].
To date, meta-consent remains a largely theoretical proposal [7],
due to implementation complexities, specifically the risk of infor-
mation overload arising from the need to engage with various
decision dimensions and consent types [10]. This lack of real-world
application leaves unresolved how to determine the underlying
decision dimensions necessary for a functional categorization of re-
search [26, 39]. Our approach aims to bridge this gap by structuring
decision dimensions according to patient preferences. Prior work
highlights that any selection of categories that structure choices in
consent interfaces (i.e., the decision dimensions in meta-consent) is
not neutral, but rather shaped by the values of those selecting these
categories, thus, frequently reflecting institutional priorities instead
of patients’ values [21]. Enabling individuals to achieve better deci-
sion outcomes through meta-consent requires a patient-centered
approach that identifies and structures context-specific decision
dimensions, thereby supporting patients in making choices aligned
with their personal values [15, 16, 21, 26, 39]. Value congruence is

!In the context of secondary research use of health data, we use the term patient to
describe any individual who may generate health data at some point, regardless of
their current health status.
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the key criterion of decision quality in data-sharing contexts; deci-
sions that do not align with patients’ values cannot be considered
informed [1, 16, 21, 26].

To inform the design of patient-centered meta-consent inter-
faces, this study addresses the following research question: How do
people’s values and characteristics shape their preferences for decision
dimensions in meta-consent for secondary health data use? By con-
ducting a scoping literature review and a representative survey, we
aim to identify which decision dimensions are most relevant to the
public in our application context. By using a Latent Class Analysis,
instead of analyzing values one at a time, we are able to achieve a
more holistic understanding of users and their values and demo-
graphic characteristics, i.e., their patient factors, by clustering them
into patient types. This allows us to examine how patient factors
shape individuals’ health data-sharing preferences, and to derive
actionable recommendations for tailored user interfaces. This paper
contributes the following:

e Proposed meta-consent framework encompassing decision
dimensions and considering patient factors in Germany.

o Design recommendations for user interfaces to support dif-
ferent patient types in their data sharing decision.

2 Related Work and Literature Review

In the following, we first highlight the role values play in consent
processes and their design. Next, we conduct a literature review to
identify decision dimensions and patient factors relevant to health
data-sharing decisions.

2.1 Importance of Considering Patient Values in
Medical Consent

Consent interface design in Europe is shaped by the General Data
Protection Regulation [9], which requires data-sharing decisions to
be based on active, informed consent [36]. Given the open-ended
nature of secondary data use, the burden of making fully informed
decisions on such research use of health data is often impractical
and overwhelming. However, providing individuals with greater
control over when and how they can give consent has been shown
to support meaningful decision-making [8]. Meta-consent builds on
this insight by moving from one-time, information-heavy consent
events toward dynamically configurable control through catego-
rized consent decisions [26]. Yet, this categorization of decision
dimensions does not merely structure choices: Choosing a set of
dimensions defines which distinctions are considered relevant and
where boundaries are drawn, thereby reflecting particular value
assumptions [21]. Such categorizations of decision dimensions may
fail to reflect patients’ values and instead privilege institutional
priorities embedded in medical infrastructures and legal frame-
works. Recent work [1, 21, 26] positions value-based reasoning as
central to data-sharing decisions, demonstrating the central role
values play in privacy behavior. Value congruence refers to the
alignment between a decision outcome and the decision-maker’s
underlying values [22]. For meta-consent approaches, this raises
concerns about fairness, as groups with divergent value sets may
experience reduced control or protection compared to majority
groups, as the categorization of decision dimensions may hinder
them from deriving value-congruent decision outcomes [21]. Prior
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work has further established that values are context-specific [15], a
property that also holds for privacy-related decision-making [37].
Thus, while meta-consent approaches may offer patients control
through predefined categories, these categories must be developed
in a patient-centered manner to genuinely support value-aligned
decision-making in specific contexts.

2.2 Decision Dimensions and Patient Factors for
Health Data-Sharing

We conducted a scoping literature review to identify decision dimen-
sions, i.e., properties of data relevant to determining which types
of data patients are willing to share, and patient factors, i.e., human
values and demographic characteristics that influence individuals’
decisions to share their health data for research purposes. We fol-
lowed PRISMA [24] guidelines across research articles published
between 2015 and 2025 on ACM Digital Library, Web of Science,
and PUBMED (see Supplementary Material for details). Finally, out
of the 439 identified papers, 12 were considered relevant, focusing
on health contexts, data sharing, and factors shaping individuals’
decisions. Next, selected papers were coded in MAXQDA to iden-
tify relevant decision dimensions and patient factors. We reviewed
all papers and introduced a new code for each factor described as
affecting individual decision-making in health data sharing. The
coding procedure is detailed in the Supplementary Material. The re-
sulting codes were subsumed under overarching concepts through
inductive category formation following Mayring [19].

We identified seven patient values that previous literature has
found to influence data-sharing behavior in medical research in Ger-
many, see subsection 4.1. Specifically, we identified Discrimination
Concerns [13, 32], Privacy Concerns [3, 5, 13, 28-33, 41], Trust in Data
Use [3, 20, 33, 41], Pro-Social Motives (i.e., altruistic or solidaric mo-
tivations) [30, 33, 41], Personal Benefit [3, 5, 13, 29-33, 41], Scientific
Progress 3, 5, 13, 29, 31-33], and Reciprocity towards the healthcare
system [13, 29-32]. Beyond the patient values, the literature review
identified demographic characteristics (e.g., age [11, 31, 33, 41], gen-
der [11, 31, 41], education [11], location [11]) that also influence
data-sharing behavior. Thus, we consider patient values and demo-
graphic characteristics, as both are relevant influences on patients’
data-sharing behavior.

Reported characteristics related to the shared data, rather than
those of the decision-maker, were collected as decision dimensions.
Relevant categories were identified, namely: Legal regulations [3,
13, 29, 31, 32], Purpose of Use [3, 5, 30, 32], Data Type [3, 5, 31-33],
Organization Type (i.e., data recipient) [3, 5, 13, 20, 28-33, 41], Com-
mercial Use [5, 13, 29, 31], and Identifiability [5]. We considered prior
research on meta-consent in addition to the papers identified in the
literature review (see [6], [26], [27]), identifying further decision
dimensions: Medical Domain, Health Conditions, Consent Validity,
Duration of Use, Place of Collection, and Timeframe of Collection.
Domain experts in HCIL, medicine, and law extensively reviewed
and discussed the above, resulting in 12 meta-consent decision
dimensions.?

2For definitions see Table 1.
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Table 1: 12 decision dimensions and descriptions.

Dimension Description

Purpose of Use
Identifiability
Organization Type
Legal Regulations
Data Type

Health Conditions
Consent Validity
Medical Domain
Duration of Use
Commercial Use
Place of Collection

What are the data used for (e.g., researching new treatments or understanding diseases)?
Can I be identified from the data (e.g., through anonymization or by revealing my name)?
Who is allowed to use the data (e.g., university or company)?

Under which laws may the data be used (e.g., EU regulations or those of a non-EU country)?
Which type of data can be used (e.g., questionnaire answers or laboratory results)?

Data concerning which health conditions may be studied (e.g., cancer or nutrition)?

How long is my consent to the use of the data valid (e.g., five years or permanently)?

Data gathered in which medical domain may be studied (e.g., psychiatry or general practice)?
How long may the data be used (e.g., five years or indefinitely)?

May for-profit companies use the data for research purposes?

Where were the data collected (e.g., general practitioner’s office or hospital)?

Timeframe of Collection =~ When were the data collected (e.g., this year or in the last ten years)?

3 Method

To investigate which decision dimensions and values people per-
ceive as important when deciding whether to share their personal
health data, we conducted an online survey using LimeSurvey.
Participants first provided demographic information (for quota
construction and patient factors), followed by an attention check
assessing their understanding of the task. Next, participants were
asked to select and rank the meta-consent decision dimensions they
considered most important when deciding whether to make their
health data available for secondary research. From the 12 dimen-
sions, participants were required to choose and rank at least three.
The presentation order was randomized to mitigate ordering effects.
After completing the ranking task, participants were invited to de-
scribe additional aspects and factors influencing their data-sharing
decisions in an open-text format.> We recruited (N=1702) partici-
pants via an online quota sample from the survey sampling institute
Bilendi. The sample was constructed to be representative of the
German population with respect to attributes of age, gender, educa-
tion, and distribution across federal states. After removing speeders
and low-quality responses, the final sample comprised 1534 partici-
pants (average completion time: 6.1 min). The participants received
monetary compensation for participating in the study. The data
was collected in December 2025. This study was approved by our
university’s Institutional Review Board (Process ID: ZEA25020).

4 Analysis and Results

In this section, we present the perceived relevance of the decision
dimensions and frequency of stated patient factors. We then derive
patient types from these patient factors and examine how they
relate to the perceived relevance of the decision dimensions.

4.1 Perceived Relevance of Decision Dimensions
and Frequency of Patient Factors

Participants’ rankings of the 12 decision dimensions were coded
as relevant (=1) if selected and not relevant (=0) otherwise. Purpose
of Use emerged as the most critical dimension with 59.8% of the
sample rating it as relevant. The second most important dimension

3The question was worded as follows: If you are thinking about making your health
data available for research: What motivates you to share your data? What reasons prevent
you from sharing your data? Write a short text with your own thoughts.

was Identifiability (45.1%), reflecting a strong concern for the degree
of anonymity. Slightly less relevance was attributed to Data Type
(40.4%), Legal Regulations (40.5%), and Organization Type (42.0%),
followed by Health Conditions (35.4%), Consent Validity (28.2%),
Medical Domain (26.6%), Duration of Use (26.1%), and Commercial
Use (20.7%). Dimensions related to data collection logistics were
consistently ranked lowest, such as Place of Collection (19.9%) and
Timeframe of Collection (14.2%). These results suggest participants’
decisions are shaped by the purpose and sensitivity of the data
rather than the specific circumstances of their collection.

Using the patient factors (demographics, values) identified in the
literature review as coding categories, we deductively coded the
open-text responses to identify the values held by patients.* Two
coders independently coded 20% of the overall corpus, achieving
an intercoder agreement of x > 0.733, and refined the codebook.
Next, one coder coded the entire corpus using the finalized code-
book. Ambiguous cases were discussed between both coders. The
primary motivation for sharing was the desire for Scientific Progress
(56.7%), whereas Privacy Concerns (30.6%) was the most promi-
nently reported barrier to sharing data. Self-interested motivation
(i.e., Personal Benefit (8.8%)) was mentioned less frequently than
collective benefits like Pro-Social Behavior (25.1%). The remaining
values played only a minor role (2.3% Discrimination Concerns, 1.8%
Trust in Data Use, 0.7% Reciprocity). As described in subsection 2.2,
demographics have previously been identified as influencing fac-
tors for data-sharing behavior. We collected the participants’ age,
gender, and education level .

4.2 Identified Patient Types

To explore whether underlying patient types exist, we conducted a
Latent Class Analysis (LCA), which is a statistical method that "seeks
to stratify the cross-classification table of observed (or ‘manifest’) vari-
ables by an unobserved (‘latent’) unordered categorical variable that
eliminates all confounding between the manifest variables"[17]. In
our case, patient values and demographic characteristics were used
as observed variables to derive classes representing underlying
patient types. We decided to consider patient factors present in at
least 10% of the sample: Scientific Progress (56.7%), Privacy Concerns

4See Supplementary Material for the codebook.
5See Supplementary Material for the frequency of demographic variables.
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(30.6%), and Pro-Social Behavior (25.1%). Additionally, we consid-
ered the patient characteristics, gender, age, and education, which
were transformed into a binary format needed for the LCA [35].6
We followed recommendations for conducting an LCA by having
a sample size over 300 [34] (N = 1534), utilizing between 4 and 20
observed variables [38] with each appearing in at least 10% of the
sample [34]. To decide on the number of classes, we compared LCA
models [17], see Appendix A. We investigated the fit statistics, com-
pared models of interest using the Lo-Mendell-Rubin test [34] and
considered the AvePP [23] and class sizes [23] (see Supplementary
Material), leading us to choose the 3-class model. The characteris-
tics of the three classes representing patient types are as follows:
Class 1 Privacy-Conscious (k = 538 / 35.07%, AvePP = 0.860), Class
2 Science-Oriented (k = 552 / 35.98%, AvePP = 0.857), and Class 3
Altruistic (k = 444 / 28.94%, AvePP = 0.705). In Figure 1, the three
patient types and their respective patient factors are shown with
their estimated class-conditional response probabilities. The higher
this probability is, the more likely a person assigned to this class is
to express this factor (gender: female, age: >50%, education: higher,
expressed the values). For example, a patient who has the highest
likelihood of being assigned to class 2 is more likely to be highly
educated and less likely to express pro-social values.

4.3 Relationship between Patient Types and
Decision Dimension

We assume that patients’ differing preferences for decision dimen-
sions may relate to the values they hold (see [16, 21]), i.e., their
patient types. We assigned each participant to the most likely class
to group them by their underlying patient type. Next, we conducted
chi-squared tests to examine whether the perceived relevance of
decision dimensions was associated with patient types, and thereby
with their underlying values and demographic characteristics. Af-
ter correcting for multiple testing (Benjamini-Hochberg [4]), five
dimensions seem to interact with the patient types, i.e., Organiza-
tion Type (y2(2, 1534) = 18.25, ppg = 0.0013), Commercial Use (y*(2,
1534) = 14.69, ppy = 0.0039), Purpose of Use (y2(2, 1534) = 12.84,
ppy = 0.0065), Identifiability (x*(2, 1534) = 11.44, ppy = 0.0098), and
Legal Regulations (x*(2, 1534) = 10.02, pgy = 0.0160). Duration of
Use and Consent Validity are only significant without correction.
Note, while these tests are significant, their effect sizes are small
(Cramer’s V < 0.1). All test statistics are provided in the Supple-
mentary Material. Fewer participants of the Privacy-Conscious and
Altruistic types rated Organization Type, Identifiability, Commer-
cial Use, and Legal Regulations as relevant than expected, whereas
the opposite pattern was observed for the Science-Oriented type.
Moreover, a greater proportion of participants in the Altruistic
and Science-Oriented types rated Purpose of Use as relevant than
expected, see Appendix B.

5 Discussion

In the following, we discuss our framework consisting of the rele-
vant decision dimensions and the value-based patient types identi-
fied in our representative German online sample. In addition, we

°If a value is expressed, age is > 50 years, gender is female, and education is higher, it
was coded as 1 per patient factor; otherwise as 0.
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derive specific recommendations for designing patient-centered
meta-consent user interfaces.

5.1 Value-Relativity in the Meta-Consent

We identified three patient types, defined by their values and de-
mographic characteristics, which are linked to how they perceive
the decision dimensions. Participants associated with the Privacy-
Conscious patient type are less focused on the potential benefits of
data sharing and more likely to raise privacy concerns. Participants
of the Science-Oriented patient type are more likely to be younger,
more educated, and interested in scientific progress. The Altruistic
patient type is associated with older age and the motivation to
share data to advance science and help others, with fewer concerns
about data sharing. Prior meta-consent literature argues for patient-
centered decision categories [26, 39]. We find that the perceived
relevance of dimensions depends on the type of patient facing the
decision. Hence, attempts to derive normative decision categories
from aggregated public preferences should be avoided, as dimen-
sions that appear to have low relevance at the population level (e.g.,
Commercial Use) may be critically important for specific subgroups.
Mikkelsen et al. [21] argues that if the offered decision dimensions
fail to account for diverse value sets, they may systematically priv-
ilege majority perspectives, potentially offering less meaningful
control to minority. Our patient types indicate heterogeneity in
values, highlighting the need to design for different value sets.
Recommendation 1: We find that, for the meta-consent, the
perceived relevance of decision dimensions varies depending on
patients’ values and demographics. Thus, a patient-centered meta-
consent needs to be tailored to the differing patient types and their
respective values and characteristics. Providing a suitable set of
dimensions can enable meaningful, value-aligned consent.

5.2 Contradictions between Values and Decision
Dimension Relevance

Surprisingly, we found contradictions between expressed values
and the perceived relevance of decision dimensions: patients with
strong privacy concerns (Privacy-Conscious type) do not neces-
sarily consider privacy-related dimensions relevant to their data-
sharing decisions. This challenges the assumption that values di-
rectly translate into decision preferences. It suggests that additional
factors, such as knowledge gaps and decision fatigue [12], may
play a considerable role, especially when facing complex, abstract
decision tasks. The Altruistic type, unlike the Privacy-Concerned
type, seems to lack explicit awareness of privacy concerns and pri-
oritize societal benefits. Their age and education level may limit
their awareness of potential privacy risks. Given that each type
represents roughly one-third of Germany’s online population, their
distinct information needs call for a tailored consent interface to
adequately accommodate them.

Recommendation 2: As the Privacy-Concerned type is char-
acterized by having received less education, we recommend that
their meta-consent interface should clearly indicate which decision
dimension pertains to privacy, using simple language. Similarly, we
recommend that the Altruistic patient type receives clear, accessible
information about the risks of data sharing in the digital age. To
dynamically inform patients, LLM-based approaches could help
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Figure 1: Line plot depicting the patient types on the x-axis and the estimated class-conditional response probabilities on the

y-axis.

tailor consent processes to patients’ individual needs and values, ul-
timately fostering value congruence in decision outcomes. Therein,
consideration of ethical risks is crucial [2].

5.3 Reducing Complexity

The tension observed between expressed values and ranked deci-
sion dimensions may partly stem from the cognitive burden im-
posed by complex meta-consent decisions [10], which can con-
tribute to decision fatigue [25]. Our findings indicate that the di-
mensions related to data-handling specifics (Timeframe, Place of
Collection, and Duration of Use) were consistently rated as low
in relevance and did not differ across patient types. This suggests
that these dimensions neither represent minority concerns nor
substantially shape data-sharing preferences.

Recommendation 3: To reduce cognitive load, meta-consent in-
terfaces should avoid introducing low-relevance dimensions related
to data-handling and focus the complex decision on salient dimen-
sions. Where legally required, such aspects may be briefly stated
or combined, allowing users to focus on the decision dimensions
most closely aligned with their values.

5.4 Limitations and Outlook

Finally, we want to acknowledge the limitations of our work. We
focused on a single country to derive context-specific requirements;
thus, generalization to other cultures may be limited. Furthermore,
while we used quota sampling, potential patients who cannot be
reached digitally are not currently represented. Due to the small
effect sizes of the statistical associations between patient types and
the perceived relevance of decision dimensions, future work should
explore how these types can serve as helpful lenses rather than
rigid categories to support the design of adaptive, value-sensitive
consent systems. Further, we are aware that we used a very specific
combination of indicators. In future work, we aim at improving our

analysis by handling factors more suitable as covariates as such
and considering the uncertainty in class assignment.

Our derived decision dimensions present an empirically derived
categorization of meta-consent categories relevant to the German
general population. As such, future research may build on it to sup-
port individuals’ data-sharing decisions in this application context.
For example, future studies could examine how and when to present
information about privacy that is most suitable to the diverse needs
of specific patient types in future meta-consent interfaces. In our
future work, we plan to conduct participatory workshops to ex-
amine when patients, considering their values and demographics,
decide to share their data, depending on the context (e.g., psycho-
somatic health-related data for commercial use). Based on these
findings, we aim to make the implementation of meta-consent user
interfaces more tangible for a diverse user group by designing
decision-support approaches that help users reflect on their values
when making data-sharing decisions.

6 Conclusion

This study demonstrates that designing a meta-consent framework
capable of effectively supporting patients’ data-sharing decisions
requires more than standardized decision dimensions. We propose
twelve decision dimensions for meta-consent data-sharing deci-
sion, identify three distinct patient types to guide the development
process, and derive three design recommendations for patient-
centered consent interfaces. Our findings highlight the necessity
of tailored, value-sensitive consent interfaces. Meaningful consent
is not achieved by merely providing more information, but by de-
livering relevant information in a clear and understandable way,
suited to each patient’s values.

7 Use of LLMs

For this paper, Large Language Models were not used beyond edit-
ing of the authors’ own text.
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Figure 2: Elbow plot depicting the ICs: aBIC, AIC, BIC, and
cAl See Supplementary Material for details.
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Figure 3: Grouped bar plot depicting expected (black outlined
bars) and actual amounts (colored bars) of participants rating
five of the decision dimensions as important, grouped by
patient type. Only significant results are presented.
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