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Abstract 
Citizen science continues to make a substantial contribution to a wide variety of scientific disciplines by allowing the public to be involved in activities like idea generation, study design, data collection and analysis. Although the pace of citizen science has exploded in recent decades, there remains untapped potential for scientific output through investment in research infrastructure that more specifically supports citizen science activities. Here, we provide a case study of how the biodiversity data aggregator the Atlas of Living Australia (ALA) has supported the growth of citizen science over the past decade. We show that around one quarter of data collection projects provide around half of all species observation records in the ALA, supplementing specimen-based data to provide more comprehensive visualisation of species distributions. We then discuss how large data aggregators like the ALA support common challenges of the citizen science community by implementing tools to standardise complex data, safely store sensitive data, and improve participation and discoverability of citizen science data. Our findings demonstrate the importance of investment in research infrastructure to support and augment the scientific value of the citizen science movement globally.  
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Introduction  
Globally, citizen science has experienced massive growth and national support over the past few decades (Pelacho et al. 2021; Roger et al. 2019; Shanley et al. 2019), made possible by the availability and advancement of technology that allows millions of people to contribute to science (Bonney et al 2014; Pocock et al. 2018). Compared to other applied sciences, citizen science is particularly dominant in the environmental and ecological sciences (Kullenberg and Kasperowski 2016; Pelacho et al. 2021), with the most common form of citizen science participation being the collection of species occurrence records, or observations of one or more species in a geographic place and time (Pocock et al. 2017). While technological developments have facilitated substantial improvements in the ability to record observations, the rapid pace of this growth has brought about new challenges for citizen science information management. The benefit of citizen-contributed data is most evident when these data are integrated with other datasets to create “big data” that is subsequently used to make large-scale science-based decisions, answer ecological questions and solve problems (Pocock et al. 2018; Heberling et al. 2021). Therefore, the ability to process data is increasingly important as advances in technology result in ever-larger datasets and citizen science grows in its popularity, both for participants and as a way to collect data. 
On a project or application basis, however, creating custom infrastructure to standardise thousands, or even millions of data points each day becomes a complex and constant task that can incur time, cost, and maintenance overheads. To avoid these overheads, practitioners are increasingly interested in established frameworks and infrastructure for designing, managing and communicating projects (Brenton et al. 2018). Research infrastructure has the ability to amplify the value of multiple small citizen science projects by aggregating multiple data types (e.g. observational, bio-acoustic, genetic, media) into larger units of analysis, thereby enhancing the scientific value of the citizen science contribution. In the field of biodiversity informatics, for example, emerging evidence supports that established infrastructures eliminate barriers and increase access to information on biodiversity (Dhindsa, Bhatia, and Sohi 2020; Johnson et al. 2021). These findings emphasise that research infrastructure is a vital enabler of citizen science, facilitating more robust workflows, data standards and data quality, particularly for more accurate species identification (Brenton et al. 2018). Investment in well-designed and well-resourced research infrastructure is, therefore, crucial to improve trust and assure scientific quality of environmental citizen science as it continues to grow globally (Trouville, Lintott, and Fortson 2019, Bowser et al. 2020; Chandler et al. 2017). 
 Here we present an overview of the Atlas of Living Australia (ALA) as a case study of a research infrastructure that is supporting environmental citizen science. First, to demonstrate the value of research infrastructure for citizen science, we calculate the volume of citizen science records in the ALA to visualise the growth of data supplied through citizen science in the ALA over time. We then present some of the common challenges of citizen science, and detail how the ALA provides data services and platform development to help address them. Our aim is to demonstrate the value of research infrastructure in supporting citizen science, the importance of standards for interoperability, and the need to improve regular funding of research infrastructure to maximise the potential of citizen science. 

The Atlas of Living Australia (ALA)
Established in 2010, the ALA is Australia’s national biodiversity database. It collates environmental data from varied sources including museums, herbaria, government monitoring programs, research projects and citizen science projects and mobile apps (Belbin et al. 2021). The ALA also delivers research services allowing data download, visualisation, manipulation and ecological analyses through a “spatial portal” to more than 80,000 Australian and international users annually. The ALA’s infrastructure was established on open access principles and has developed processes to ensure that its infrastructure is accessible to users, connected with international databases and interoperable with many online services.  At a global scale, the ALA engages in technical and strategic collaboration with (and is the Australian node for) the Global Biodiversity Information Facility (GBIF), an international biodiversity data repository (Belbin et al. 2021). At present, the ALA contains over 112 million species occurrence records of over 150,000 species (1 September, 2022). About one quarter of research and monitoring projects that supply data to the ALA are citizen science (Figure 1a), and about half of all species occurrence records in the ALA are derived from citizen science (Figure 1b). These numbers demonstrate the enormous contribution citizen science makes to overall biodiversity records in Australia. 
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Figure 1.  Proportion of (a) research or monitoring projects that provide data to the ALA that use citizen science or not, and (b) the proportion of species occurrence records derived from citizen science or non-citizen science projects. Data displayed includes both publicly available and embargoed project data held in BioCollect as of February 2022. The BioCollect platform is an event-based data recording system in which individual recording events can yield many occurrence records. Total numbers of species occurrence records from citizen science projects in BioCollect projects were estimated by aggregating the counts of embargoed and unembargoed occurrence records for each project.

Growth and utility of citizen science data in the ALA 
Although the ALA has grown to provide more services that support citizen science, there has been limited analysis of the extent of growth of citizen science data within the ALA and its implications. To explore the proportion of data contributed by citizen science in the ALA between 2010-2021 (Figure 2) we extracted the number of openly available species occurrence records supplied to the ALA from research or monitoring projects using R 4.1.1 and the galah package (R Core Team, 2022; Westgate et al. 2022). Projects were categorised into citizen science and non-citizen science by matching their project name and category with an internal list of citizen science projects. Projects that did not match were manually categorised by checking project descriptions on respective project websites. We defined non-citizen science data sources as those that only have experts or professionals collecting data and do not use non-expert public members to collect data (e.g. museum and herbaria specimens, professional monitoring programs). Code to reproduce our methodology can be found on the Open Science Framework (https://osf.io/kh5rv/). 
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Figure 2.  Proportion of the total number of records added to the Atlas of Living Australia from 2010 – 2021 collected using citizen science or non-citizen science methods.

Our analyses demonstrate that while the comparative contribution of citizen science gathered observational records grows in volume over time, sources of specimen-based data (e.g., from museums and herbaria) are growing at a more consistent rate (Figure 2).  That specimen-based collections data should grow in volume more slowly than observational records is unsurprising but does support that the number of species occurrence records contributed through citizen science can supplement data from museums, collections and professional monitoring programs. Similar trends were reported in Heberling et al. (2021). To demonstrate this gap filling potential, we downloaded all ALA records of the Eastern Grey Kangaroo (Macropus giganteus), a commonly observed and recorded macropod species across Eastern Australia. We then partitioned the data into citizen science and non-citizen science (using the project categorisations used for Figure 2) and displayed locations where there are more records from one source than another (Figure 3). Our analysis shows that for the Eastern Grey Kangaroo, data derived from non-citizen science sources alone give a less complete view of the overall distribution of the species. Rather, the two sources are complementary, with citizen science records providing supplemental data of broader locations in the Eastern Grey Kangaroo’s distribution that would otherwise be underrepresented by data from only non-citizen science sources. 
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Figure 3.  Distribution of Macropus giganteus (Eastern grey kangaroo). Map displays locations with a greater number of species observation records collected using citizen science methods (green) or non-citizen science methods (purple). Record counts are pseudo-log transformed to allow for log standardisation of both positive and negative numbers.

Addressing common challenges to citizen science 
Data Quality 
Citizen science can generate large volumes of data over space and time. However, much of the reluctance associated with the use of citizen science data within the scientific community surrounds uncertainty about its accuracy (Chandler et al. 2017; Mesaglio and Callaghan 2021). For example, observers vary in skill and proficiency in species identification, which can affect the reliability of their data (Santos-Fernandez and Mengersen 2021). Variation in skill may also influence how broadly observers identify species, resulting in taxonomic biases, with experts more likely to specialise on one particular taxonomic group than non-experts (Di Cecco et al. 2021). Many citizen science projects also function independently and sometimes do not adequately ascribe metadata to describe the datasets and methods (Bowser et al. 2020). Trust and credibility in the accuracy of citizen science is vital for its uptake as a reliable data source for long-term ecological research and informed decision making. 
To begin to address concerns over data quality, the ALA initiated a data quality project to make data quality attributes and any uncertainty about taxonomic and spatial accuracy of aggregated data more explicit.  The data quality project led to the creation of a toolbar to filter species occurrence records on the ALA website’s search results page. The toolbar improves the visibility of metrics and metadata that allow users to assess whether data are fit for purpose and allows users to exclude records based on system flags such as location uncertainty, outliers and spatial quality issues. By creating data quality filters, the ALA has added more information for users to understand what constitutes high quality data while continuing their support to data providers to improve collection and curation of data. 

Data standardisation
The data management needs of citizen science programs vary widely. Some projects record additional data along with species occurrences that have additional data requirements. For example, some projects collect multiple observations for a single collection event, record additional event and observation-level metadata, and provide data for specific uses, species or maps (Pocock et al. 2017). These different types of data collection result in data that require different data structures, including auxiliary environmental data, effort information, species attributes and site characteristics (de Sherbinin et al. 2021). It is not unusual for projects to need more than one type of survey and, therefore, require multiple descriptive schemas. Research infrastructures must be able to support these differing survey and data structures through adequate standardisation methods for these data to be stored, combined, and used correctly. 
ALA’s data standards are underpinned by Darwin Core, the most common global standard for exchanging biodiversity occurrence data (Wieczorek et al. 2012). Darwin Core enforces that data are supplied in a consistent format with standardised column names that allow many sources of data to be aggregated efficiently (Wieczorek et al. 2012). The ALA also adds metadata descriptions (e.g. data type, data attributes) and provides information to help users make informed decisions about the data, like summaries of what constitutes high quality data, ways to assess whether the data are fit-for-purpose, and a tool for users to flag suspicious records. These data standards help to promote ongoing quality checks to ensure citizen science data are reliable and standardised correctly for research and government use.  
To address the needs of more complex systematic surveys that record hierarchical data that links observations to samples, field sites and surveys over time, the ALA developed BioCollect. BioCollect stores custom data structures that link multiple species observations to a single survey event, along with contextual information on the site or sample. BioCollect was designed in collaboration with a number of organisations that regularly capture field data and conforms to international biodiversity and citizen science standards for both data and metadata, allowing interoperability between systems and easier data sharing. BioCollect supports both citizen science and non-citizen science uses, providing a wide range of survey-level configuration options like embargo periods, access permissions, and email notifications for species of interest. Some citizen science examples of BioCollect projects include WaterWatch and StreamWatch, two standardised water quality monitoring projects; and Biocontrol hub, a biocontrol program that tracks agent and target weed species. 

Sensitive species data
Research infrastructure support for citizen science creates the opportunity for standardised solutions and improved real-world outcomes across multiple projects. However, there are a wide range of ethical and scientific dilemmas around open-access species data and methods (e.g. Keeso 2014; Racine 2017). For example, healthy populations of sensitive species (i.e. species at higher risk of over-collection, damage or disturbance) can be potentially jeopardised if exact locational details are exposed (Chapman 2006). Most government agencies and collections manage this risk by withholding or obscuring record locations, which, while necessary, may counterintuitively inhibit good conservation outcomes by limiting availability for research, community or government action (Chapman 2006). Lists of sensitive species are also rarely universally agreed-upon by regional data custodians, leading one data provider to protect species locations that another data set is exposing. These data issues remain largely unaddressed by most large data aggregators and citizen science projects.  
The ALA actively acknowledges data issues with sensitive species and obscures locality data for those species appearing on government-provided sensitive species lists. These filters remove the need for individuals to provide their own data sensitivity methods, in favour of a consistent national approach. Meanwhile, the ALA is also currently leading a multi-partner project to develop an agreed national framework for the handling and sharing of sensitive species records to further improve this. We anticipate once these standards are in place that they will greatly enhance the ALA’s ability to share and analyse sensitive species information, a large percentage of which has been contributed by citizen scientists. Implementation of sensitive species filters to research infrastructures has massive potential for research and monitoring programs to more accurately track and manage sensitive species.

Aggregating tools and platforms
Funding for citizen science has prioritised the development of new or scaled citizen science projects, usually through individual, modest project grants (Roger, Turak, and Tegart 2019). While this approach has successfully increased the number of projects, it has also created hundreds of bespoke, disconnected applications and platforms that can hinder the usefulness of citizen science datasets and can create duplication of effort (Trogrlić et al. 2018). Sometimes tools such as basic spreadsheets can be satisfactory for a citizen science project’s data collection needs, but these tools rapidly reach practical and functional limitations that eventually require project owners to seek more sophisticated solutions. Developing and managing customised project-specific platforms, or user interfaces for viewing and downloading data, is a costly and time-consuming undertaking. It also creates confusion amongst citizen science communities of what are the best tools and platforms to adopt for projects. 
Many platforms devise their own unique data standards for data collections and processing. Without using a recognised data standardisation procedure, the output of these citizen science applications is many siloed, small datasets that cannot be used alongside others. Projects set up in this way reduce the value proposition for citizen scientists who are motivated to contribute to a greater scientific endeavour. Using established research infrastructure platforms can therefore provide a viable alternative to creating custom project-specific platforms for citizen science data.  
Although the ALA has provided support for record-level observations since going live in 2010, at that time there were very few Australia-specific mobile applications for citizen scientists to easily record observations. In May 2019, the ALA began collaborating with iNaturalist, a globally leading biodiversity recording platform for citizen science from the California Academy of Sciences, to form iNaturalist Australia (https://inaturalist.ala.org.au), a local node of the iNaturalist platform. iNaturalist allows participants to record opportunistic observations of any living organism with a date, time and spatial coordinates via evidential photos and/or sound recordings (Mesaglio and Callaghan 2021). This partnership has made it easier to report biodiversity observations to “research grade” (a qualified data quality standard based on the number of confirmations of identification). Around 2.82 million observation records of more than 16,000 species have been added to the ALA via iNaturalist (as of 30 June, 2022) and this number continues to grow weekly. iNaturalist has enjoyed a rapid uptake in Australia by the citizen science community and is often the platform tool of choice for individuals, groups and large monitoring initiatives. 
The Australian Citizen Science Project Finder was developed by the ALA due to an increasing demand from Australian communities for a searchable catalogue of citizen science projects. The goals of the Australian Citizen Science Project Finder are to improve project discoverability, increase participation and prevent project duplication. Since its launch in 2017, the Finder has grown to include 596 projects, with 460 of those listed as ‘active’ (as of 1 September, 2022). Through Application Programming Interfaces (APIs), the database of projects is also shared with other citizen science project search engines like SciStarter (scistarter.org), where projects that are not geographically bound (such as online projects) are made available to an international audience. 
Finally, the ALA in partnership with the Australian Museum developed DigiVol, a crowdsourcing platform with the goal of increasing accessible environmental data through digitisation of historical records (e.g., specimen labels, hand-written field notes and journals). DigiVol is an open-source application that allows institutions from all over Australia, and globally, to create opportunities for volunteer citizen scientists to contribute to transcription and/or data capture from images. Citizen scientists are now able to transcribe museum and herbarium specimen labels, notebooks, diaries, and, more recently, identify animals in camera trap images. Any institution or organisation can create a project on DigiVol, thus preventing the doubling up of investment in similar platforms and condensing effort into one standardised platform. Since its development in 2015, the number of registered citizen scientists using DigiVol has increased to more to more than 9000 individuals. 

Discussion
As Australia’s primary biodiversity research infrastructure, the ALA has invested in projects, standards and tools to enable citizen science because it recognises citizen science’s value in supplying information on Australia’s biodiversity. We showed that the ALA derives over half of its observations from citizen science projects (Figure 1) and revealed the rapid growth of citizen science records since 2010 (Figure 2). We demonstrated the importance of using data from museums and collections and citizen science to provide a more complete picture of Australian biodiversity and identify gaps (Figure 3). We then discussed how the ALA has worked to address common criticisms of citizen science data by implementing tools to make data quality more explicit, create platforms that standardise complex survey data structures, safely store data on sensitive species, and establish ways for people to collect and discover citizen science data. Our findings show how the advancement of citizen science is interconnected with the advancement of research infrastructure, and resourcing both will ultimately lead to greater scientific value and use of citizen science data.
Our findings also suggest that large research infrastructures like the ALA can help to identify existing gaps in biodiversity data more quickly. This may be because, when surveying an area, after an initial phase of biodiversity discovery, the ratio between observations of common, detectable species and rare, undetectable species is found to grow wider over time (Lobo et al. 2021). Although this bias in species observation is a common criticism of citizen science data quality, the scale of data aggregation in digital infrastructures like the ALA may allow these data gaps to be identified more quickly than by individual data providers (Callaghan 2021). The value of public research infrastructure lies in its ability to implement frameworks that target data gaps in a robust form across multiple projects at a continental scale (see Callaghan et al. 2019 for a conceptual framework). As such, research infrastructures are an important tool for recognising and amending biases in data collection over time. Our analyses suggest that the advent and expansion of citizen science-based resources can enable specimen-based collecting to become strategically targeted (Spear, Pauly, and Kaiser 2017) and recommend further analyses on other species to see if this trend continues.  
The ability of research infrastructures to ingest, standardise and store data from many unique sources make them ideal for improving methods for species identification from images, videos and sounds (Heberling et al. 2021). Projects like iNaturalist have demonstrated how emerging technologies like machine-learning can improve data quality in species identification, which could be applied across multiple projects and platforms (Ceccaroni et al. 2019). Citizen science can also draw on social media (e.g. Liberatore et al 2018), where content shared publicly outside of dedicated citizen science platforms can be used to contribute photographic records of species for identification (Pitman et al. 2021). By integrating data from diverse sources, research infrastructures facilitate the ability to capture richer information that may promote more complex scientific outcomes (McClure et al. 2020).  
Improving how we quantify uncertainty with citizen science data is essential to its use. In the case of citizen science, uncertainty originates from methodological errors or biases in data collection, classification or processing, as well as from expected natural variation in ecological data (Balázs et al. 2021). Tracking uncertainty may ensure that the related variables and biases are findable, accessible, interoperable, and reusable (Wilkinson et al. 2016). One way to make uncertainty transparent is, as mentioned, to integrate uncertainty associated with species identification into a data standard like Darwin Core, making this metadata easier to find when aggregated by research infrastructures like the ALA. Although species distribution modelling can tolerate and account for certain levels of error in the modelling data (Botella et al. 2018), greater confidence in input data (and complexity) is required by governments to meet legislative requirements or for listing species using IUCN Red List criteria, for example. Data aggregators such as the ALA have a large role to play in making complexities about data uncertainty clearer to continually improve confidence and fit-for-purpose use of citizen science data in the future.  
Many citizen science projects function independently. However, a balance is required between supporting data collection needs of individual citizen science projects and supporting the data robustness needs of citizen science as a whole (e.g. integrating data, synthesising data across programs). For example, as a result of each project’s independence, there may be lack of consistent metadata to describe the datasets and their methods adequately to people outside of the project (Bowser et al. 2020), an issue that eventually flows on to a research infrastructure if merged. If citizen science projects communicate their data management practices to large aggregators, then data quality can be assessed by what is appropriate for the data type (Balázs et al. 2021). The utility of citizen science data may be improved by establishing more universal criteria for metadata with the goal to synthesise independent project data into research infrastructures.
Despite the ALA’s success in supporting citizen science so far, the diverse nature of data types and their structural format has created digital management challenges for maintaining data standards, sharing these standards with data providers, and budgeting for added service costs. A fundamental challenge for research infrastructure providers is to deliver tailored services around individuals or project-level needs as well as develop workflows and standards that can assist in best practice data management (Heberling et al. 2021). This integration is crucial to enable more effective meta-analyses across citizen science projects, and to minimise duplication of projects and programs. 
 
Conclusion
The past 10 years have witnessed impressive growth in the contribution of citizen science to biodiversity data, with citizen science now a permanent and expanding feature of the biodiversity data science landscape. Citizen science remains one of the most effective mechanisms for organisations to bring citizens closer to science and make the results of science universally available (UNESCO Recommendation on Open Science). Citizen science’s contribution can grow further with enough support over time from research infrastructures like the ALA. In order to support the sector, research infrastructures must be built to consider high-production processes with adaptable common infrastructure elements that can reduce project costs while improving data standards, consistency and the ability to feed data into research and decision-making. Future opportunities exist to harvest citizen science contributions from new sources and to take advantage of new technologies that improve data quality and data aggregation. Research infrastructures also have a role in helping to design national programs that are informed by known gaps and science needs. A new frontier for citizen science could be working through processes and guidelines around how we can direct citizen science efforts to operate in a national framework around gap filling.  Research infrastructure has a central role to help citizen science reach its potential, benefiting both scientists and the public.  
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