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Volunteer engagement and retention represent persistent challenges in citizen
science, with many projects struggling to recruit and sustain active participants
despite growing public interest in scientific participation. While citizen science has
traditionally relied on manual outreach strategies—social media campaigns,
community workshops, and word-of-mouth recruitment—the scalability and
personalization requirements of large-scale projects demand innovative approaches.
Machine learning offers a suite of tools for enhancing volunteer engagement through
intelligent targeting, personalized interaction, adaptive feedback, and gamified
participation. This review examines the current state and future potential of ML-
driven engagement strategies in citizen science. We analyze four primary
mechanisms: (1) participant targeting and recruitment through social media analysis
and user profiling; (2) personalized feedback systems that enhance learning and
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motivation; (3) gamification and adaptive challenge systems; and (4) community
building and social interaction facilitation. We synthesize evidence from projects that
have implemented these approaches, including the BeeWatch project's natural
language generation feedback and the potential for recommendation systems adapted
from commercial platforms. We also address risks, including participant
disengagement from task automation, privacy concerns with data-driven targeting,
and the potential for algorithmic bias in engagement strategies. We propose a
framework for ethical, effective ML-driven engagement and identify priority areas for
future research and development.

Interaction

Introduction

The success of citizen science depends fundamentally on the participation of volunteers.
Without engaged participants who contribute data, analyze images, or perform other
scientific tasks, citizen science projects cannot achieve their scientific objectives. However,
recruiting and retaining volunteers is a persistent challenge that affects projects across all
scientific domains. Many projects experience high attrition rates, with volunteers
participating for only a short period before disengaging. Others struggle to recruit sufficient
participants to achieve their data collection or analysis goals.

Traditional engagement strategies in citizen science have relied on manual approaches:
social media campaigns, email newsletters, community workshops, word-of-mouth
recruitment, and media outreach. These approaches, while valuable, are resource-intensive
and often fail to scale to the needs of large projects. Moreover, they typically treat volunteers
as a homogeneous group, failing to account for the diverse motivations, interests, and
capabilities that characterize citizen science participants.

Machine learning offers a transformative alternative. ML algorithms can analyze volunteer
behavior, preferences, and engagement patterns to deliver personalized experiences that
enhance motivation, learning, and retention. By adapting to individual volunteers, ML
systems can provide the right level of challenge, the most relevant feedback, and the most
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engaging tasks, increasing the likelihood that volunteers will continue participating over
time. ML can also support recruitment by identifying potential participants who are likely to
be interested in a project based on their online activities, interests, and demographic
characteristics.

This review examines the emerging role of ML in volunteer engagement and retention in
citizen science. We analyze the current state of ML-driven engagement, identify successful
applications and their key features, and address the challenges and risks that must be
managed for ethical and effective implementation. We also propose a framework for
integrating ML into engagement strategies and identify priority areas for future research and
development.

The remainder of this article is organized as follows. Section 2 reviews the literature on
volunteer motivations and engagement in citizen science, establishing the foundation for
understanding how ML can support engagement. Section 3 examines ML approaches to
participant targeting and recruitment. Section 4 analyzes feedback systems and their role in
engagement. Section 5 addresses gamification and adaptive challenge systems. Section 6
discusses community building and social interaction. Section 7 addresses risks and ethical
considerations. Section 8 proposes a framework for ML-driven engagement. Section 9
identifies future research directions. Section 10 concludes with recommendations for
practice.

Understanding Volunteer Engagement in Citizen Science
Volunteer Motivations

Citizen science volunteers participate for diverse reasons. Understanding these motivations
is essential for designing effective engagement strategies. Research has identified several
key motivational categories:

Altruistic Motivations. Many volunteers participate to contribute to science, help the
environment, or support conservation. Altruistic participants are motivated by the value of
the project's scientific or social goals and their desire to make a positive contribution.

Personal Interest. VVolunteers may participate because they are personally interested in the
scientific topic—birdwatching, astronomy, or ecology—and enjoy engaging with their
interest through citizen science.

Learning Motivations. Many volunteers seek to learn new skills, acquire knowledge, or
develop expertise. Citizen science provides opportunities for informal science learning that
appeal to intellectually curious participants.

Social Motivations. VVolunteers may participate to connect with others who share their
interests, build community, or engage in social activities. Social motivations are particularly
important for sustaining participation over time.

Career and Professional Development. Some volunteers participate to develop skills, gain
experience, or build networks that support their professional development.
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Recreational Motivations. Many volunteers participate simply because citizen science is
enjoyable, providing a satisfying leisure activity.

Engagement and Retention Challenges
Despite diverse motivations, citizen science projects face significant engagement challenges:

Recruitment. Identifying and attracting potential volunteers requires effective outreach and
communication.

Onboarding. New volunteers must be trained and supported to participate effectively.

Sustaining Participation. Volunteers often participate for only a short period before
disengaging.

Re-engagement. Lapsed volunteers may be re-engaged through targeted communication.

Diversity. Citizen science participants are often unrepresentative of the broader population,
limiting the diversity of perspectives and data.

The Role of Feedback and Interaction

Research consistently demonstrates that feedback and interaction are critical for volunteer
engagement:

o Validation Feedback. VVolunteers who receive confirmation that their contributions
are valuable are more likely to continue participating.

o Educational Feedback. Volunteers who learn from their participation are more
satisfied and more likely to remain engaged.

o Social Feedback. Volunteers who feel connected to other participants and the
project community are more likely to sustain participation.

e Progress Feedback. VVolunteers who see their contributions accumulate and
contribute to project goals are more motivated.

Participant Targeting and Recruitment
Social Media Analysis

Social media platforms represent a vast source of information about potential volunteers'
interests, activities, and networks. ML algorithms can analyze social media data to identify
individuals who may be interested in participating in citizen science:

Interest ldentification. Natural language processing can analyze posts, comments, and
profiles to identify interests related to project topics. For example, individuals who post
about birdwatching, conservation, or outdoor activities may be interested in biodiversity
citizen science.

Geographic Targeting. Location data from social media can identify individuals in project
areas who may be interested in participating.
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Network Analysis. Social network analysis can identify individuals who are connected to
existing volunteers and may be receptive to recruitment.

Content Analysis. Computer vision can categorize images shared on social media, revealing
recreational and interest patterns.

Recommendation Systems

Recommendation systems, common in e-commerce and content platforms, can be adapted
for citizen science:

Content-Based Filtering. Projects are recommended to volunteers based on their interests
and activities.

Collaborative Filtering. Volunteers with similar interests and engagement patterns are used
to recommend projects.

Hybrid Approaches. Combining multiple recommendation approaches improves relevance
and diversity.

Contextual Recommendations. Recommendations consider volunteer context, including
location, available time, and current interests.

User Profiling
ML can build detailed profiles of potential volunteers:

Demographic Profiling. Age, education, occupation, and other demographic information can
inform recruitment and engagement strategies.

Interest Profiling. Interests and hobbies can be identified from online activities.

Engagement Profiling. Past engagement with scientific content or citizen science indicates
likely interest.

Motivation Profiling. Volunteer motivations can be inferred from behavior and
communication.

Ethical Considerations
Recruitment through data-driven targeting raises ethical considerations:
Privacy. Volunteers' personal data must be protected and used transparently.

Consent. Volunteers should understand how their data are used and provide informed
consent.

Bias. Targeting may inadvertently exclude some groups, perpetuating participation biases.
Manipulation. Aggressive targeting may be perceived as manipulative, undermining trust.
Automated Feedback Systems

The Importance of Feedback

Feedback is one of the most powerful tools for volunteer engagement:
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Immediate Feedback. Real-time feedback on contributions enhances learning and
motivation.

Constructive Feedback. Feedback that identifies errors and suggests improvements supports
volunteer development.

Positive Feedback. Recognition of volunteers' contributions reinforces engagement.
Educational Feedback. Feedback that provides information and context enhances learning.
Natural Language Generation

Natural language generation (NLG) can produce personalized, informative feedback:

Identification Feedback. NLG can provide information about species identification,
including distinguishing features, habitat, and behavior.

Quality Feedback. NLG can explain why a contribution was validated or flagged, helping
volunteers improve.

Educational Content. NLG can provide educational context, connecting volunteer
contributions to broader scientific knowledge.

Personalized Communication. NLG can adapt communication style and content to
individual volunteers.

The BeeWatch Example

BeeWatch, a project for bumblebee identification, provides a compelling example of NLG
feedback in practice:

Feedback System. Volunteers submit images of bumblebees and receive automated feedback
on their identifications.

Informative Content. Feedback includes information about species, distinguishing features,
and identification tips.

Learning Outcomes. Volunteers who received informative feedback showed improved
identification accuracy compared to those who received only confirmation.

Engagement Outcomes. Informative feedback was associated with increased volunteer
engagement and retention.

Adaptive Feedback
Adaptive feedback systems tailor feedback to individual volunteers:

Expertise-Adaptive Feedback. Feedback for novice volunteers is more detailed and
educational, while feedback for experts may be more concise.

Error-Adaptive Feedback. VVolunteers who make errors receive more detailed feedback to
support learning.

Progress-Adaptive Feedback. Feedback adapts as volunteers improve, preventing boredom
and supporting continued learning.

Preference-Adaptive Feedback. Volunteers may have preferences for feedback style and
content that can be learned and accommodated.
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Gamification and Adaptive Challenge Systems
Gamification in Citizen Science

Gamification—the application of game elements in non-game contexts—has been widely
applied in citizen science:

Points and Scores. VVolunteers earn points for contributions, providing immediate reward and
tracking progress.

Badges and Achievements. VVolunteers earn badges for reaching milestones or demonstrating
skills.

Leaderboards. Competition among volunteers can increase engagement.

Challenges and Quests. Volunteers are given specific tasks to complete, providing structure
and goals.

Adaptive Gamification
ML can enhance gamification through adaptivity:

Personalized Goals. ML can set goals that are appropriate for each volunteer's capabilities
and motivations.

Dynamic Difficulty. Challenge levels can be adapted to volunteer skill, maintaining
engagement without frustration.

Personalized Rewards. Rewards can be matched to volunteer preferences and motivations.

Progress Tracking. ML can track progress toward personal and project goals and
communicate achievements.

Intrinsic and Extrinsic Motivation
Gamification's effectiveness depends on motivation:

Intrinsic Motivation. Volunteers who are intrinsically motivated (by interest, learning, or
altruism) may be less responsive to external rewards.

Extrinsic Motivation. Volunteers who are extrinsically motivated may respond well to
recognition and rewards.

Motivation Crowding. External rewards may crowd out intrinsic motivation if perceived as
controlling.

Balancing Approaches. Effective gamification balances extrinsic rewards with intrinsic
engagement.

Examples of Gamified Citizen Science

Several citizen science projects have implemented gamification:

Foldit. A protein-folding game that engages volunteers in complex scientific tasks.
Galaxy Zoo. Volunteers compete to classify the most galaxies.

Zooniverse. The platform includes gamification elements across multiple projects.

Play to Cure. A game that engages volunteers in cancer research.
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Community Building and Social Interaction
The Role of Community
Community is a critical factor in volunteer engagement:

Social Belonging. Volunteers who feel connected to a community are more likely to remain
engaged.

Social Learning. Volunteers learn from other volunteers through community interaction.
Social Support. Community provides support and encouragement for volunteers.

Social Recognition. Community recognition of contributions reinforces engagement.
ML for Community Building

ML can support community building through:

Community Detection. ML can identify groups of volunteers with shared interests or
activities.

Community Recommendation. VVolunteers can be connected with others who share their
interests.

Network Analysis. ML can analyze community structure and identify potential engagement.

Community Management. ML can identify volunteers at risk of disengagement and suggest
interventions.

Expert-Volunteer Interaction
ML can facilitate expert-volunteer interaction:

Expert Identification. ML can identify volunteers who have developed expertise and can
support other volunteers.

Expert Support. ML can route questions and complex cases to experts.

Expert Recognition. ML can recognize and reward expert volunteers' contributions.
Risks and Ethical Considerations

Over-Automation

Automation of engagement may have negative consequences:

Loss of Human Connection. Automated systems may feel impersonal, reducing connection.
Decreased Autonomy. Volunteers may feel controlled by automated systems.

Reduced Intrinsic Motivation. External rewards may crowd out intrinsic motivation.
Manipulation Concerns. Automated personalization may be perceived as manipulative.
7.2 Privacy and Data Use

Engagement systems require volunteer data:

Data Collection. ML systems require access to volunteer behavior data.

Data Use. Volunteers may not understand how their data are used.
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Privacy Risks. Data breaches or misuse could harm volunteers.
Transparency. ML engagement systems must be transparent about data use.
Algorithmic Bias

ML engagement systems may exhibit bias:

Sample Bias. Engagement models may reflect biases in volunteer data.
Targeting Bias. Recruitment targeting may exclude some groups.

Reward Bias. Gamification rewards may favor some volunteers over others.
Feedback Bias. Feedback systems may provide less effective feedback to some volunteers.
Volunteer Autonomy

Maintaining volunteer autonomy is essential:

Choice. Volunteers should have choices about how they participate.
Control. Volunteers should feel in control of their participation.

Respect. Volunteers should be treated as partners, not subjects.

A Framework for ML-Driven Engagement

Integration with Project Design

ML-driven engagement should be integrated with project design:
Engagement Goals. Define clear goals for engagement.

Data Collection. Collect data needed for ML engagement systems.

System Design. Design ML systems to support engagement goals.
Evaluation. Continuously evaluate and improve engagement systems.
Personalization Principles

Effective personalization should follow principles:

Volunteer-Centric. Personalization should serve volunteers, not just project needs.
Transparent. Volunteers should understand personalization.

Adaptive. Personalization should adapt to volunteer changes.

Respectful. Personalization should respect volunteer autonomy.

Best Practices

Based on case studies and research, we recommend:

1. Understand Volunteers. Invest in understanding volunteer motivations and
preferences.

2. Provide Meaningful Feedback. Feedback should be informative, constructive, and
timely.

3. Build Community. Support social interaction and community building.
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4. Balance Automation and Human Touch. Maintain human engagement alongside
automation.

5. Ensure Transparency. Be transparent about data use and system functioning.

6. Evaluate and Improve. Continuously evaluate engagement systems and volunteer
satisfaction.

Future Research Directions

Long-Term Engagement

Understanding long-term engagement requires research:

Longitudinal Studies. Track volunteers over extended periods.

Retention Factors. ldentify factors that support retention.

Re-engagement. Develop strategies for re-engaging lapsed volunteers.
Personalization Effectiveness

Assessing personalization effectiveness:

Experimental Studies. Controlled studies comparing personalization approaches.
Mechanism Understanding. Understanding how personalization works.
Boundary Conditions. Identifying conditions where personalization is effective.
Diversity and Inclusion

Research on diversity and inclusion:

Diverse Volunteers. Understand participation across diverse populations.
Inclusive Design. Design engagement systems that support inclusion.
Community Engagement. Engage communities in system design and evaluation.
Ethical Engagement

Research on ethical engagement:

Ethical Frameworks. Develop frameworks for ethical engagement.

Impact Assessment. Assess the ethical impacts of engagement systems.
Regulatory Approaches. Develop appropriate regulation and oversight.

Conclusion

Machine learning offers powerful tools for enhancing volunteer engagement in citizen
science. Through intelligent targeting, personalized feedback, adaptive gamification, and
community support, ML can help citizen science projects recruit and retain volunteers more
effectively. The BeeWatch project demonstrates that ML-generated feedback can improve
both learning and engagement, while recommendation systems adapted from commercial
platforms show promise for targeted recruitment. However, ML-driven engagement requires
careful implementation to avoid risks—including over-automation, privacy violations,
algorithmic bias, and volunteer disengagement. Effective engagement systems must be
volunteer-centric, transparent, adaptive, and respectful of volunteer autonomy. As citizen
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science continues to grow, integrating ML into engagement strategies will become
increasingly important for sustaining the volunteer participation that underpins scientific
discovery.
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