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ABSTRACT

The integration of artificial intelligence into citizen science has created unprecedented opportunities
for scientific discovery, but it has also introduced significant ethical challenges that must be
addressed to protect participants, maintain trust, and ensure the integrity of scientific research. This
review examines the ethical dimensions of Al-powered citizen science, focusing on three
interconnected areas: privacy, algorithmic bias, and transparency. We analyze how Al systems
collect, process, and use volunteer data, raising concerns about data protection, consent, and the
potential for commercial exploitation of citizen science contributions. We examine algorithmic bias
in Al systems trained on citizen science data, including spatial, temporal, taxonomic, and
demographic biases that can undermine data quality and scientific validity. We address transparency
challenges, including the need for clear communication about how Al systems use volunteer data,
how algorithms make decisions, and how volunteers can understand and challenge automated
determinations. We propose an ethical framework for Al-powered citizen science that balances the
benefits of Al integration with the protection of volunteer rights, scientific integrity, and public trust.
We conclude by identifying priority areas for ethical guidance, governance, and research.
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Introduction

The integration of artificial intelligence into citizen science represents a significant
advancement in scientific methodology, enabling unprecedented scale in data collection,
analysis, and validation. Al systems can process millions of observations, identify patterns
invisible to human observers, and provide real-time feedback that enhances volunteer
learning and engagement. These capabilities have transformed fields from biodiversity
monitoring to astronomy, enabling scientific discoveries that would be impossible through
human effort alone.

However, the power of Al also introduces significant ethical challenges that must be
addressed to ensure that Al-powered citizen science respects volunteer rights, maintains
scientific integrity, and preserves public trust. These challenges span multiple domains: the
collection and use of volunteer data raises privacy concerns; the training of Al algorithms
on citizen science data risks reproducing and amplifying biases; and the complexity of Al
systems challenges transparency and accountability. Addressing these challenges requires
careful attention to ethical principles, governance frameworks, and practical implementation
strategies.

This review examines the ethical challenges of Al-powered citizen science through three
interconnected lenses: privacy, algorithmic bias, and transparency. We analyze the specific
ethical issues that arise at each stage of the Al lifecycle—data collection, algorithm training,
deployment, and evaluation—and consider how these issues affect volunteers, researchers,
and the scientific enterprise. We draw on case studies from biodiversity monitoring, medical
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imaging, astronomy, and other domains to illustrate ethical challenges and potential
solutions. We propose an ethical framework for Al-powered citizen science that provides
guidance for project designers, funders, and policymakers. We conclude by identifying
priority areas for future research and governance.

The remainder of this article is organized as follows. Section 2 examines privacy challenges,
including data collection, consent, and commercial exploitation. Section 3 analyzes
algorithmic bias, including sources of bias and their consequences. Section 4 addresses
transparency, including the need for clear communication and volunteer understanding.
Section 5 proposes an ethical framework for Al-powered citizen science. Section 6 examines
governance and oversight. Section 7 identifies future research directions. Section 8
concludes with recommendations.

Privacy in Al-Powered Citizen Science
Data Collection and Use

Al-powered citizen science projects collect and process vast amounts of data from
volunteers, raising significant privacy concerns:

Personal Information. Projects may collect identifying information, including names,
contact details, demographic data, and geographic locations.

Behavioral Data. VVolunteer activities—contributions, engagement patterns, and interactions
may be tracked and analyzed.

Content Data. Volunteer contributions, including images, recordings, and text, may contain
personal information.

Derived Data. Al systems may derive additional information from volunteer data, including
inferences about interests, capabilities, and behaviors.

Consent and Transparency

Informed consent is essential for ethical data collection, but Al-powered projects face
challenges:

Complexity. Al systems are complex, making it difficult for volunteers to fully understand
how their data will be used.

Dynamic Use. Al systems may use data in ways that were not anticipated at the time of
collection.

Third-Party Use. Data may be shared with third parties, including technology providers and
researchers, without volunteers' explicit consent.

Inadequate Information. Consent materials may not adequately inform volunteers about Al-
related risks.

Commercial Exploitation
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Commercial exploitation of citizen science data is a growing concern:

Data Commodification. VVolunteer-contributed data may be used commercially without
volunteer benefit.

Corporate Partnerships. Partnerships with technology companies may create conflicts of
interest.

Value Capture. Commercial actors may capture value from volunteer contributions without
sharing benefits.

Erosion of Trust. Commercial exploitation may erode volunteer trust and willingness to
participate.

Geoprivacy
Geospatial data in citizen science raises specific privacy concerns:

Sensitive Locations. Contributions may reveal the location of sensitive habitats, endangered
species, or private property.

Inference. Geospatial data may be used to infer volunteer information, including home
location and activities.

Security Risks. Sharing geoprivacy information may create security risks for volunteers or
others.

Regulation. Geoprivacy is subject to regulation that projects must comply with.
Privacy Protection Strategies

Projects can protect privacy through:

Data Minimization. Collect only data necessary for project objectives.
Anonymization. Remove identifying information from data where possible.
Access Controls. Limit access to sensitive data.

Consent Management. Maintain clear, dynamic consent processes.
Transparency. Communicate clearly about data use.

Algorithmic Bias in Al-Powered Citizen Science

Sources of Bias

Al algorithms trained on citizen science data can exhibit multiple forms of bias:

Spatial Bias. Volunteer observations are often concentrated in accessible, populated areas,
leading to spatial biases in training data. Al models trained on spatially biased data may
perform poorly in underrepresented regions.
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Temporal Bias. Observations are concentrated in times when volunteers are active, leading
to temporal biases. Models may perform poorly at underrepresented times.

Taxonomic Bias. Volunteers preferentially observe charismatic, visible, or easily
identifiable species, leading to taxonomic biases. Models for underrepresented species may
have poor performance.

Observer Bias. Volunteer observers vary in identification accuracy and effort, leading to
observer biases. Models may reflect these biases.

Demographic Bias. Volunteer demographics are unrepresentative of the broader population,
leading to demographic biases in models.

Sampling Bias. Biased sampling protocols or volunteer behavior may create sampling
biases.

Consequences of Bias
Algorithmic bias can have significant consequences:

Scientific Error. Biased models may produce erroneous scientific conclusions, undermining
research validity.

Conservation Harm. Biased biodiversity models may misinform conservation decisions,
harming species and ecosystems.

Unfair Treatment. Biased validation may unfairly disadvantage some volunteers.
Erosion of Trust. Biased algorithms may erode volunteer trust and willingness to participate.

Reinforcement of Bias. Biased algorithms may reinforce and amplify biases in citizen
science data.

Bias Detection and Mitigation

Strategies for addressing algorithmic bias include:

Bias Auditing. Regular audits of algorithms to identify and measure bias.

Data Collection. Targeted data collection to address data gaps.

Algorithmic Approaches. Algorithms that are robust to bias or can correct for bias.
Diverse Participation. Efforts to recruit diverse volunteers.

Transparency. Transparency about bias and its implications.

Equity and Justice

Algorithmic bias raises equity and justice concerns:

Distributional Justice. Bias may distribute benefits and harms unevenly.
Procedural Justice. Volunteers may have limited voice in algorithm development.
Recognition. VVolunteers' contributions may be inadequately recognized.

Redress. Volunteers may lack mechanisms for redress.
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Transparency in Al-Powered Citizen Science

The Need for Transparency

Transparency is essential for several reasons:

Trust. Transparency builds and maintains volunteer trust.

Accountability. Transparency enables accountability for Al decisions.
Understanding. Volunteers need to understand Al to participate effectively.
Quality. Understanding Al can improve volunteer contributions.

Ethics. Transparency is an ethical imperative.

Components of Transparency

Effective transparency requires:

System Transparency. Information about Al systems: how they work, what data they use,
and their limitations.

Process Transparency. Information about how Al is integrated into project processes.
Decision Transparency. Explanation of Al decisions that affect volunteers or data.
Outcome Transparency. Information about Al outcomes and their implications.
Challenges to Transparency

Several challenges limit transparency:

Complexity. Al systems are often too complex to explain fully.

Proprietary Systems. Proprietary Al systems may not be transparent.

Competing Interests. Transparency may conflict with other interests.

Capacity. Projects may lack capacity for transparency.

Volunteer Capacity. Volunteers may lack capacity to understand Al explanations.
Explainable Al

Explainable Al (XAI) aims to make Al decisions understandable:

Interpretable Models. Models that are inherently interpretable.

Post-Hoc Explanations. Explanations of model decisions after the fact.
User-Centered Explanations. Explanations designed for volunteer understanding.

Interactive Explanations. Explanations that allow volunteers to explore and question Al
decisions.

Communication Strategies

Effective communication about Al requires:

Plain Language. Use simple, accessible language.

Visualization. Use visual aids to explain Al.

Examples. Use concrete examples to illustrate Al behavior.

Two-Way Communication. Enable volunteers to ask questions and provide feedback.
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An Ethical Framework for Al-Powered Citizen Science
Core Principles
We propose an ethical framework built on core principles:

Respect for Persons. Treat volunteers as autonomous agents, respecting their choices and
dignity.

Beneficence. Maximize benefits and minimize harms for volunteers and society.
Justice. Distribute benefits and burdens fairly.

Transparency. Be open about Al systems and their impacts.

Accountability. Take responsibility for Al decisions and their consequences.
Data Protection. Protect volunteer data from misuse.

Inclusion. Ensure that Al systems are inclusive and equitable.

Implementation Strategies

Implementing ethical principles requires strategies:

Ethical Design. Integrate ethics into project and system design.

Stakeholder Engagement. Engage volunteers and other stakeholders in design and
governance.

Ethical Review. Conduct ethical reviews of Al systems.

Monitoring. Monitor Al systems for ethical issues.

Redress. Provide mechanisms for volunteer redress.

Governance

Ethical Al in citizen science requires governance:

Policies. Clear policies on Al ethics and data protection.

Oversight. Oversight mechanisms for Al systems.

Accountability. Clear accountability for Al decisions.

Capacity. Build capacity for ethical Al governance.

Regulation. Support appropriate regulation.

Governance and Oversight

Institutional Mechanisms

Governance of Al in citizen science requires institutional mechanisms:

Internal Governance. Project-level governance of Al systems.

Collaborative Governance. Collaborative governance across projects and institutions.
External Oversight. External oversight by funders, ethics committees, and regulators.
Self-Regulation. Professional self-regulation and standards.

Regulatory Approaches

Appropriate regulation is needed:
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Data Protection. Regulation of data collection and use.

Algorithmic Accountability. Regulation requiring accountability for Al decisions.
Transparency. Regulation requiring transparency about Al.

Ethics. Regulation requiring ethical review.

Assessment. Regulation requiring assessment of Al impacts.
Volunteer Participation in Governance

Volunteers should participate in governance:

Consultation. Consultation with volunteers on Al systems.
Representation. VVolunteer representation in governance structures.
Feedback. Mechanisms for volunteer feedback.

Redress. Mechanisms for volunteer redress.

Future Research Directions

Understanding Volunteer Perspectives

Research on volunteer perspectives is needed:

Perceptions. How do volunteers perceive Al in citizen science?
Concerns. What are volunteers' privacy and ethical concerns?

Trust. How does Al affect volunteer trust?

Preferences. What do volunteers want from Al systems?

Developing Ethical Practices

Research on ethical practices is needed:

Best Practices. What are best practices for ethical Al in citizen science?
Case Studies. Analysis of ethical successes and failures.

Evaluation. How can ethical practices be evaluated?

Guidance. Development of guidance for ethical Al.

Technical Solutions

Research on technical solutions is needed:

Privacy-Enhancing Technologies. Technologies that protect privacy.
Fair Algorithms. Algorithms that are fair and unbiased.

Explainable Al. Al that is explainable.

Transparency Tools. Tools that support transparency.

Conclusion

The integration of Al into citizen science offers transformative scientific potential, but it also
introduces significant ethical challenges that must be addressed to protect volunteers,

maintain trust, and ensure scientific integrity. Privacy concerns, algorithmic bias, and
transparency challenges require careful attention at all stages of project design and
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implementation. Addressing these challenges requires an ethical framework grounded in
respect for persons, beneficence, justice, transparency, accountability, data protection, and
inclusion. Effective implementation requires institutional governance, volunteer
participation, and appropriate regulation. As Al becomes increasingly central to citizen
science, ethical considerations must be prioritized alongside scientific and technological
advancement to ensure that Al-powered citizen science serves both science and society.
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