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  ABSTRACT  

 
 Data validation is a critical yet resource-intensive component of citizen science projects. As the 

volume and complexity of citizen science data continue to grow, traditional approaches to quality 

assurance—relying on expert review or simple filtering rules are becoming increasingly inadequate. 

Machine learning offers powerful new capabilities for data validation, including automated anomaly 

detection, real-time quality scoring, observer expertise classification, and adaptive sampling 

strategies. This review examines the emerging roles of ML in citizen science data validation, moving 

beyond the well-studied application of species identification to encompass comprehensive quality 

assurance across diverse data types and scientific domains. We analyze the technical approaches 

that have proven most effective, including supervised and unsupervised learning for outlier detection, 

probabilistic modeling for uncertainty estimation, and ensemble methods for robust validation. We 

also address the challenges that arise when ML is applied to data validation, including the 

propagation of training data biases, the difficulty of validating novel observations, and the 

importance of maintaining human oversight. We propose a framework for ML-enhanced data 

validation that integrates automated screening, expert verification, and continuous learning, and we 

discuss implications for data quality, volunteer engagement, and scientific inference. 
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Introduction 

The success of citizen science as a scientific methodology depends fundamentally on the 

quality of data contributed by volunteers. While the scale and accessibility of citizen science 

data have transformed many fields of research, concerns about data quality remain a 

persistent challenge that can undermine scientific credibility and limit the utility of citizen 

science data for research and policy. Data validation—the process of assessing and ensuring 

the accuracy, completeness, and reliability of contributed data—has therefore become a 

central focus of citizen science practice and research. 

Traditional approaches to data validation have relied heavily on expert review. In this model, 

domain experts manually inspect contributions, identify errors, and assess data quality. 

While effective for small projects with limited data volume, expert review does not scale to 

the massive datasets generated by contemporary citizen science projects. Platforms such as 

eBird and iNaturalist receive millions of observations annually, far exceeding the capacity 

of expert reviewers. Alternative approaches, including automated filtering using static 

reference datasets and consensus-based validation among volunteers, have been 

implemented but face limitations in accuracy, coverage, and adaptability. 

Machine learning offers a transformative alternative. ML algorithms can be trained to 

perform data validation tasks that previously required human expertise, including identifying 

anomalous observations, assessing observation plausibility, classifying observer expertise, 
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and predicting data quality. ML-based validation can operate in real time, providing 

immediate feedback to volunteers and enabling data quality assurance at scale. However, the 

application of ML to data validation is not without challenges. Training data biases can 

propagate through validation models, the identification of truly novel observations remains 

difficult, and the role of human oversight must be carefully defined. 

This review examines the emerging roles of ML in citizen science data validation. We define 

data validation broadly to include all processes that assess, assure, and improve the quality 

of citizen science data, from initial screening to final confirmation. We analyze the technical 

approaches that have been applied to date, identify success factors and limitations, and 

propose a framework for ML-enhanced validation that integrates automation with human 

expertise. We also address broader implications for citizen science practice, including 

volunteer engagement, project design, and the relationship between data quality and 

scientific inference. 

The remainder of this article is organized as follows. Section 2 provides a conceptual 

framework for understanding data quality in citizen science. Section 3 reviews ML 

approaches to data validation, organized by validation task. Section 4 presents case studies 

of ML-enhanced validation across scientific domains. Section 5 analyzes challenges and 

limitations. Section 6 proposes a framework for integrating ML into data validation 

workflows. Section 7 discusses implications and future directions. Section 8 concludes with 

recommendations for practice and research. 

Data Quality in Citizen Science: A Conceptual Framework 

Dimensions of Data Quality 

Data quality in citizen science is multidimensional, encompassing several distinct aspects 

that require different validation approaches: 

Accuracy refers to the agreement between contributed data and reality, typically assessed by 

comparing observations to expert-validated references. For species identification, accuracy 

can be measured as the proportion of correct identifications; for environmental 

measurements, accuracy relates to measurement error. 

Precision relates to the consistency and reproducibility of measurements. Precise data may 

be accurate or inaccurate, depending on systematic errors, but high precision generally 

indicates careful measurement. 

Completeness refers to the extent to which the data capture the target phenomenon. 

Incomplete data may result from observer fatigue, limited sampling effort, or selective 

reporting of certain species or habitats. 

Representativeness concerns the degree to which data reflect the population or phenomenon 

of interest. Biased sampling can lead to unrepresentative data, even if individual observations 

are accurate. 

Timeliness addresses the currency of data. For monitoring applications, data must be 

collected and validated in a timely manner to inform decision-making. 
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Sources of Error 

Data quality problems in citizen science arise from multiple sources: 

Observer Error. Volunteers may misidentify species, misrecord information, or make 

measurement errors. Observer error is the most commonly studied quality concern in citizen 

science. 

Sampling Bias. Volunteers may preferentially sample accessible locations, common species, 

or times of day when they are available, leading to biased data. 

Instrument Error. Data collection tools, including cameras, sensors, and mobile devices, may 

produce errors or inconsistencies. 

Data Processing Error. Transcription errors, encoding mistakes, or analytical errors can 

compromise data quality. 

Deliberate Misreporting. While rare, intentional falsification of data has been documented 

in some citizen science projects. 

Validation Approaches 

Validation strategies in citizen science can be characterized along several dimensions: 

Expert Validation. Domain experts review contributions and make quality determinations. 

Expert validation is accurate but not scalable. 

Consensus Validation. Multiple volunteers review the same contribution, with agreement 

indicating high quality. Consensus validation engages volunteers in quality assurance but 

requires sufficient participant numbers. 

Algorithmic Validation. Automated algorithms assess data quality using predetermined rules 

or ML models. Algorithmic validation is scalable but depends on algorithm performance. 

Hybrid Validation. Combinations of approaches, with algorithmic screening followed by 

targeted expert review, balance scalability and accuracy. 

Machine Learning Approaches to Data Validation 

Automated Anomaly Detection 

Anomaly detection—identifying observations that deviate from expected patterns—is a 

primary ML application for data validation. Multiple approaches have been applied: 

Supervised Classification. ML models are trained to distinguish correct from erroneous 

observations. This approach requires labeled training data (observations with known quality) 

and can achieve high accuracy for common error types. 

Unsupervised Outlier Detection. Unsupervised algorithms identify observations that are 

dissimilar from the main body of data. This approach does not require labeled training data 

and can detect novel errors that have not been previously encountered. 
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Semi-Supervised Approaches. Limited labeled data are combined with larger unlabeled 

datasets to improve detection performance while reducing the need for expert-labeled 

training data. 

Plausibility Assessment 

Beyond identifying errors, ML can assess the plausibility of observations considering 

multiple sources of information: 

Spatial Plausibility. Species distribution models, trained on existing occurrence data, can 

flag observations outside expected ranges. 

Temporal Plausibility. Seasonal occurrence patterns can be used to identify observations at 

unusual times. 

Ecological Plausibility. Associations between species, habitats, and environmental 

conditions can be modeled to identify implausible combinations. 

Observer Plausibility. Observers' history of accuracy and experience can be incorporated 

into plausibility assessments. 

Observer Expertise Classification 

Classification of observer expertise enables differentiated validation and analysis: 

Expertise Scores. Probabilistic models can assign scores to observers based on their 

identification accuracy, experience, and engagement patterns. 

Behavioral Classification. ML can classify observers based on contribution patterns, 

identifying systematic biases or errors. 

Adaptive Validation. Validation stringency can be adapted based on observer expertise, with 

novice contributions subject to more rigorous screening. 

Real-Time Validation 

Real-time validation provides immediate feedback to volunteers: 

Validation Feedback. Volunteers receive immediate information about the plausibility of 

their observations, enabling corrections. 

Adaptive Questioning. For uncertain observations, volunteers may be asked to provide 

additional information to support validation. 

Learning Feedback. Validation feedback can include educational content to improve 

volunteer skills. 

Case Studies: ML-Enhanced Data Validation 

eBird: Observer Expertise and Spatial Validation 

eBird has implemented comprehensive ML-enhanced validation: 
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Observer Expertise Modeling. A probabilistic model classifies observers based on their 

reporting history, with contributions weighted by observer reliability. 

Spatial Anomaly Detection. Observations reported outside expected ranges are flagged for 

review. 

Temporal Anomaly Detection. Seasonal patterns are modeled to identify observations at 

unusual times. 

This multi-layered approach has enabled eBird to scale quality assurance while maintaining 

high data quality standards. 

iNaturalist: Real-Time Identification Validation 

iNaturalist's automated identification model provides real-time validation through: 

Identification Confidence. The model provides confidence scores for its suggestions, 

enabling volunteers to assess reliability. 

Community Validation. Multiple volunteers can confirm or correct identifications, with 

consensus supporting data quality. 

Expert Oversight. Expert volunteers verify identifications for uncertain cases and maintain 

gold-standard training data. 

Species Distribution Models for Anomaly Detection 

Species distribution models, trained on validated occurrence data, have been applied to 

validate biodiversity observations: 

Range Consistency. Observations outside modeled ranges are flagged for review. 

Habitat Consistency. Observations in unsuitable habitats are highlighted. 

Environmental Consistency. Observations in unusual environmental conditions are marked. 

BeeWatch: Real-Time Feedback and Learning 

BeeWatch, a citizen science project for bumblebee identification, uses ML-generated 

feedback to validate and improve volunteer contributions: 

Natural Language Generation. Volunteers receive real-time, informative feedback on their 

identifications. 

Learning Validation. Volunteers learn from feedback, improving identification accuracy 

over time. 

Community Learning. Shared feedback supports community learning and quality 

improvement. 

Challenges and Limitations 

Training Data Bias 
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ML validation models inherit biases from training data: 

Spatial Bias. Models trained on data from some regions perform poorly in others. 

Temporal Bias. Models may fail to identify observations at novel times. 

Taxonomic Bias. Models trained on common species perform poorly on rare species. 

Observer Bias. Models may reflect expert biases present in training data. 

Novel Observation Validation 

ML validation struggles with truly novel observations: 

Novel Species. Observations of rare or new species lack training data. 

Novel Patterns. Observations that deviate from known patterns may be erroneously flagged. 

Change Detection. Detecting real changes requires distinguishing novelty from error. 

Model Updating 

Maintaining ML validation systems requires continuous updating: 

Data Drift. Changing data distributions require model recalibration. 

New Error Types. Novel errors require model extension. 

Volunteer Learning. Improving volunteer skills require validation adaptation. 

Human Oversight 

Maintaining appropriate human oversight is essential: 

Error Propagation. Automated validation can propagate errors if incorrect. 

Volunteer Trust. Volunteers must trust and understand validation systems. 

Expert Engagement. Experts must remain engaged in quality assurance. 

A Framework for ML-Enhanced Data Validation 

Integrated Validation Workflow 

We propose a workflow that integrates ML validation with human expertise: 

1. Initial Screening. ML models perform real-time screening of contributions, 

identifying plausible observations and flagging anomalies. 

2. Volunteer Feedback. Volunteers receive feedback on screened contributions, 

enabling immediate correction of errors. 

3. Targeted Expert Review. Flagged observations and a sample of screened 

observations are reviewed by experts. 
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4. Model Updating. Expert-validated data are used to update validation models. 

5. Continuous Improvement. Validation systems evolve with the project. 

Best Practices 

Based on case studies, we recommend: 

1. Maintain Gold-Standard Training Data. Expert-validated data are essential for 

training reliable validation models. 

2. Ensure Transparency. Volunteers should understand how validation works and why 

their contributions are flagged. 

3. Provide Constructive Feedback. Validation feedback should educate and support 

volunteer learning. 

4. Maintain Human Oversight. Experts should remain part of validation, particularly 

for uncertain cases. 

5. Adapt to Volunteer Learning. Validation should adapt as volunteers improve. 

Future Directions 

Active Learning for Validation 

Active learning algorithms could optimize expert review efforts: 

Uncertainty Sampling. Observations with highest uncertainty are prioritized for review. 

Diversity Sampling. Observations that represent novel patterns are prioritized. 

Request-Based Sampling. Volunteer requests for review are prioritized. 

Multimodal Validation 

Integration of multiple data types could improve validation: 

Image + Metadata Validation. Combining image analysis with spatial, temporal, and 

ecological data. 

Multiple Observer Validation. Combining contributions from multiple observers. 

Multiple Data Type Validation. Integrating taxonomic, ecological, and environmental data. 

Adaptive Validation 

Adaptive validation systems could tailor quality assurance: 

Observer-Adaptive Validation. Validation depends on observer expertise and history. 

Task-Adaptive Validation. Validation depends on task difficulty and importance. 

Project-Adaptive Validation. Validation is calibrated to project needs. 
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Conclusion 

Machine learning has emerged as a powerful tool for citizen science data validation, enabling 

automated screening, real-time feedback, and scalable quality assurance. ML-enhanced 

validation can improve data quality, engage volunteers through immediate feedback, and 

reduce expert workloads, allowing experts to focus on complex cases and scientific analysis. 

However, ML validation requires careful implementation, including high-quality training 

data, transparent practices, and maintained human oversight. As ML technologies advance 

and citizen science projects continue to generate massive datasets, the integration of ML into 

data validation workflows will become increasingly essential for maintaining data quality 

and scientific credibility. The future of citizen science will depend on successfully balancing 

automation and human expertise, enabling the transformative potential of citizen science to 

be realized while maintaining the quality and trust that underpin scientific inference. 
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