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Abstract. Distributed data generation, or data collected from multiple sources and locations using standardized 35 

approaches and involving coordination among investigators, has emerged as a powerful approach to meet 

contemporary demands for scalable environmental knowledge. However, practitioners often lack guidance on best 

practices for distributed data generation, and a framework classifying its modalities is missing.   

To address these gaps, we developed a conceptual framework organizing distributed data generation along two axes: 

participant-based (ranging from highly formalized to highly flexible) and method-based (from experimental to 40 

observational). This framework provides common vocabulary across modalities and describes how different 

approaches affect data generation logistics and outcomes. We propose operational best practices across three critical 

pillars: outreach, operations, and output (i.e., publications, data), leveraging lessons learned from over 35 existing 
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distributed data projects. Lastly, we explore how emerging artificial intelligence (AI) capabilities may help address 

longstanding challenges in distributed data generation, including in coordination, adaptive sampling, and cross-45 

project data integration. This perspective provides strategies and identifies opportunities to advance distributed data 

generation for addressing pressing biogeochemical, environmental, and societal challenges. We underscore the 

transformative potential of distributed data generation for modern, broad-scale environmental research, and provide 

guidance on how to realize that potential.  

1 Introduction:  50 

Society faces increasingly complex, multi-scale, and interconnected environmental challenges. Predicting the 

coupled dynamics among human activities, extreme events, and ecosystem functions requires extensive datasets 

capable of capturing variability across space and time (Caldararu et al., 2023; Hanson and Walker, 2020). 

Assembling datasets of this magnitude requires coordination beyond the scope of any single investigator or 

traditional research project. Distributed data generation has emerged as a powerful approach to meet contemporary 55 

scientific and societal demands for scalable, actionable knowledge across broad geographic and ecological domains 

(Borer et al., 2014; Peters et al., 2014a; SanClements et al., 2022; Stegen and Goldman, 2018). Drawing on existing 

efforts from disciplines such as biogeochemistry, ecology, and engineering, we define distributed data generation as 

data collected from geographically dispersed locations using standardized approaches, and involving coordination 

among numerous investigators.  60 

 

Distributed data generation has transformed the potential to address scientific challenges across scales, from 

microbes to forests, from plots to continents, and from households to regions. Researcher-enabled efforts have 

advanced ecosystem and Earth system predictability, such as understanding global trends in diversity and 

productivity via NutNet (Borer et al., 2014), stream biogeochemistry via WHONDRS (Stegen and Goldman, 2018), 65 

plant phenology via PhenoCam (Young et al., 2025), marine biogeochemistry via GEO-TRACES (Anderson et al., 

2014), and many more.  

 

While advances have been made in distributed data generation, numerous challenges remain. A lack of shared 

vocabulary for distributed efforts, even within a single domain, has limited the communication of lessons learned, 70 

challenges, and opportunities to integrate projects and fields (SanClements et al., 2022). A conceptual framework of 

the different modalities of distributed data generation would aid in the development of new projects and 

enhancement of existing efforts. Furthermore, systemic issues that influence science in general tend to influence 

distributed science disproportionately. For example, ensuring broad participation and codesign with interested 

parties (i.e., stakeholders, organizations, agencies, landowners, land managers, rights holders, and the public) 75 

remains a key limitation for distributed data generation (Molla et al., 2025; Muraina and Jimoh, 2022). This hinders 

researchers from clearly mapping their goals with community needs. Scaling distributed efforts is further hindered 

by logistical challenges in consistency, data standardization, and transparent expectation setting and engagement 

(Wallace, 2022). Advances in computing, sensors, and artificial intelligence (AI) may ease some barriers, but the 
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large number of contributors makes coordination of data generation especially difficult, while also being one of the 80 

key aspects that enables progress. 

 

Here, we address a critical gap in distributed data generation, namely the lack of an integrated framework that 

classifies the breadth of distributed data generation approaches and of an overview of best practices and how 

emerging technological opportunities may accelerate solutions to environmental and societal challenges. 85 

Specifically, we (1) define core modalities of distributed data generation to provide a common vocabulary across 

effort types, (2) recommend operational best practices that have proven successful, and (3) propose how AI can 

address longstanding challenges in coordination, adaptive sampling, and cross-project data integration (Fig. 1). We 

limit our discussion of distributed data generation to efforts with human-to-human coordination requiring on-the-

ground efforts. The insights reflected in this Perspective emerged from a workshop of over 25 distributed data 90 

generation practitioners. 

 

Figure 1. Distributed data generation has made transformative progress in cross-scale, cross-disciplinary science 

and is supported by best practices in (1) outreach, including co-design beyond the research team using multi-model 

engagement; (2) operations, including clear communication and expectation setting to allow nimble adjustments; (3) 95 

output, including transparent credit and recognition for FAIR products. AI is enabling rapid opportunity 

development across distributed data generation (Section 4) with large language model (LLM)-driven design, AI-

guided model-experiment iteration (ModEx), and efficiency in data management. Acronyms: FAIR: Findable, 

Accessible, Interoperable and Reusable.  
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2 A conceptual framework on the modalities of distributed data generation  100 

An existing body of literature on research networks and collaborative science offers important foundations for 

distributed data generation approaches, including practical recommendations (Maestre and Eisenhauer, 2019), 

criteria for successful collaborations (Parker and Kingori, 2016), and models of coordinated distributed experiments 

(Borer et al., 2014). However, this literature lacks an overarching framework, limiting the possibility to identify and 

synthesize such networks. The body of literature resulting from distributed networks is diffuse, spanning a range of 105 

network types, from those focused primarily on connecting people to those centered on data generation, and 

encompassing varying levels of formalization and standardization. This diversity of architectures and the dispersed 

nature of guidance across disciplines limits the capacity to design or improve distributed data generation efforts. We 

focus  on the mechanics of distributed data generation –the "how" of obtaining data across multiple sites– rather 

than on network governance or social connectivity (Lindenmayer et al., 2018; Maestre and Eisenhauer, 2019; 110 

Richter et al., 2018; SanClements et al., 2022). 

Scientific networks are often classified according to their degree of centralization in terms of people, management, 

and funding (Novick et al., 2018; Peters et al., 2014b; SanClements et al., 2022). Further, SanClements et al. (2022) 

proposed a 1:1 relationship between degree of centralization (funding, management, education, cyberinfrastructure) 

and degree of standardization (sensors, protocols, algorithms). Our conceptual framework (Fig. 2) builds upon these 115 

prior frameworks, collapsing the degree of standardization and centralization into a single axis. However, unlike the 

SanClements et al. (2022) framework, our focus in the first axis is on the participants generating the distributed data, 

rather than on the management approach. We add a second axis that has an outsized influence on the practicalities of 

data generation, namely the degree of observational versus experimental methodology.  We describe these 

interacting axes as modalities of distributed data generation to guide new efforts and offer a shared language for 120 

existing efforts. It is worth noting that distributed data generation efforts can be described across many additional 

continua such as duration of the project, funding, and geographic scope. 

 

https://doi.org/10.5194/egusphere-2026-3537
Preprint. Discussion started: 10 July 2026
c© Author(s) 2026. CC BY 4.0 License.



5 

 

Figure 2. Modalities of distributed data generation conceptualized along two axes. The horizontal axis is 125 

participant-focused and ranges from highly formalized (left) to highly flexible (right). The vertical axis represents a 

method-based axis, ranging from observational (top) to experimental (bottom). Visual elements illustrate key 

characteristics of integrating these two continua: the left side shows standardized equipment, personnel, and plots 

typical of formalized efforts; the right side shows diverse equipment, personnel, and plots characteristic of flexible 

efforts; the top shows observational infrastructure; the bottom shows experimental manipulations. Most distributed 130 

efforts operate somewhere within this 2D space rather than at the extremes, and some evolve over time (see Section 

2 for details and examples). 

2.1 Participant-based modalities 

Participants in distributed data generation efforts can span a range of technical knowledge (i.e., researchers, non-

researcher domain experts, non-domain experts) and formal engagement (i.e., hired staff, unpaid formal 135 

collaborators, and unpaid casual volunteers). Distributed data generation efforts often integrate across these different 

types of participants, and it can be helpful to view efforts along a participant-based continuum that ranges from 

highly formalized to highly flexible. Along the entire spectrum, there is almost always a unified body leading 

decision-making for the effort. This body may be small or large, unfunded or funded, but it links participants and 

data into a coordinated whole. 140 
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2.1.1 Highly formalized  

Distributed data generation efforts that are structured on the formalized end of the participation continuum often 

have static or semi-static data types and sites, usually operated by hired staff. Therefore, there are potential limits on 

new types of data collection and/or new locations being added to such efforts through time. Examples include the 

U.S. National Ecological Observatory Network (NEON) (Keller et al., 2008), Europe’s Integrated Carbon 145 

Observation System (ICOS; Heiskanen et al., 2022), and U.S. Geological Survey Streamgaging Network (Eberts et 

al., 2019). The funding of these entities and employment of hired staff supports frequent release of consistent data. 

Because they often have a distinct set of data they generate through time coordinated via a core data management 

team, such efforts provide benchmarks for multi-year trends and extremes, as well as calibration/validation of 

remote-sensing, low-cost sensors, and models of many types and scales. 150 

2.1.2 Highly flexible  

On the flexible end of the continuum, new data types and/or sites may be added throughout the life of the project if 

there is sufficient interest from collaborators and/or the community.  Data are often generated by collaborators or 

unpaid volunteers that may or may not have research or domain expertise. In participatory efforts (i.e., community 

or crowdsourced science), data generation is accomplished by individual volunteers contributing observations or 155 

samples to professionally designed projects under shared protocols. Projects such as eBird (https://ebird.org/home) 

and the USA National Phenology Network’s Nature’s Notebook (USA-NPN; https://www.usanpn.org/nn) work with 

mostly non-researcher volunteers and demonstrate that many observations can be achieved at modest cost with clear 

protocols and routine feedback. Conversely, projects may rely on researcher collaborators taking one-time or repeat 

samples. The Worldwide Hydrobiogeochemistry Observation Network for Dynamic River Systems (Gary et al., 160 

2024; WHONDRS; Stegen and Goldman, 2018), the Exploration of Coastal Hydrobiogeochemistry Across a 

Network of Gradients (EXCHANGE) consortium (Myers-Pigg et al., 2023), the Molecular Observation Network 

(MONet; Bowman et al., 2023),  Phenocam (Young et al., 2025), and The PeatPic Project (Davidson et al., 2025; 

Young et al., 2025) provide examples of efforts in which geographically distributed researchers collect samples 

and/or measurements for a centralized project. Highly flexible efforts with distributed implementation are well-165 

suited for testing generalizable hypotheses across environmental gradients and rapidly applying protocols to new 

regions or environmental disturbances, often supporting iteration with model development. They can provide high 

spatial density and/or large spatial extent of data, depending on the project’s goals and participants.  

2.1.3 Intermediates along the participant-continuum 

There are many intermediate states possible between the two described endpoints. An example of a midpoint is data 170 

generation efforts that have static sites run by researchers who are not hired staff of the distributed data generation 

entity. In these cases, participation is unrestricted, so anyone with the necessary skills and resources can add a new 

site by engaging with the centralized guiding body and following the same protocols. Examples include AmeriFlux 

(Novick et al. 2018; Chu et al. 2023) and FLUXNET (Baldocchi et al. 2001; Delwiche et al. 2024), which use sites 

established/funded by individual researchers that have access to centralized data hosting, guidelines, and processing 175 
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pipelines. Globally replicated experiments such as Nutrient Network (NutNet; Borer et al., 2014) and Disturbance 

and Recovery Across Global Grasslands Network (DRAGNet; Borer and Seabloom, 2025) similarly have sites 

established by individual researchers that follow identical protocols for experimental manipulation, leading to 

community-generated datasets that enable broad inference.  

2.2 Method-based modalities 180 

Much like the participant-based modalities described above, methods of distributed data generation efforts can be 

considered along a continuum. We describe the endpoints as (1) experimental and (2) observational approaches. 

2.2.1 Experimental 

Coordinated distributed experiments (Fraser et al., 2013) apply common manipulations across many sites to test 

general rules and drivers of variation across heterogeneous environmental conditions. With standardized treatments, 185 

synchronized timing, and shared metadata, initiatives such as NutNet, DRAGNet, and DroughtNet (Poyatos et al., 

2021) enable causal inference beyond any one location (Borer et al., 2014; Borer and Seabloom, 2025). These 

standards are codified in publicly-available protocols specifying treatment formulations, sampling schedules, etc. 

Other examples of distributed experiments include efforts to target large-scale drivers of wood decomposition 

(Seibold et al., 2021), cellulose decomposition in streams (Tiegs et al., 2024), arthropod use of leaf shelters (Romero 190 

et al., 2022), invertebrate impacts on plant communities (Kempel et al., 2025) or effectiveness of revegetation 

methods (Leverkus et al., 2021). Core elements of distributed experiments are long-term coordination, consistent 

interventions, fidelity checks, and researcher engagement.  

2.2.2 Observational  

Observational networks generate data from fixed and mobile platforms, as well as spatial data from hundreds to 195 

thousands of locations. While some efforts focus on single-timepoint measurements across a broad geographic range 

(e.g. WHONDRS, MONet), others also include a temporal component of repeated sampling/measurements, to get 

long-term time series (e.g. NEON, PhenoCam). As described above, AmeriFlux has individual researcher-led 

distributed sites that contain sensor installations (i.e., flux towers) generating time series data. In contrast, NEON 

exemplifies a staffed observatory with cross-site standardization (Elmendorf et al., 2016; Meier et al., 2023), but it 200 

similarly operates through established distributed sites with integrated airborne, sensor-based, and observational 

sampling efforts. In the Mountain Invasion Research Network (MIREN; Kueffer et al., 2014), a similar approach is 

applied to monitoring mountain species distributions (Haider et al., 2022). These networks underpin process studies, 

systematic model evaluation and data assimilation using continuous, comparably processed time series and/or 

interoperable, highly distributed spatial observations.  205 

2.2.3 Intermediates along the method-continuum 

Along the continuum of methods, there are examples of efforts that use both approaches simultaneously, such as the 

Long-Term Ecological Research (LTER) Network and the National Estuarine Research Reserve System (NERRS) 
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Science Collaborative, (Elizabeth L. Wenner Maggie Geist, 2001; Knapp et al., 2012; Raposa et al., 2023) and also 

efforts that use one approach initially and then transition to the other (e.g., observational networks collecting 210 

samples that are then used for laboratory experiments; locations for experiments identified after initial observations). 

EXCHANGE (Myers-Pigg et al., 2023) is an example of a hybrid methods modality, wherein a network of coastal 

researchers provide observational data on soils (Pennington et al., 2023) across sites and community members have 

the opportunity to propose experiments that can then be conducted in a standardized way across the network. Many 

distributed experiments also collect control plot data, producing a standardized observational dataset within the 215 

framework of an experiment (Borer and Seabloom, 2025).  

3 Best practices 

In this section, we provide best practices gleaned from the perspectives of attendees of a virtual workshop held in 

2025, as well as from assessing common successful approaches across over 35 distributed data generation efforts. 

Our recommendations span three critical aspects of distributed data generation projects: outreach, operations, and 220 

output (Fig. 1). We highlight some corresponding examples of distributed data generation projects in Table 1. 

 

Outreach best practices include engaging with people beyond the immediate research team for education, data 

generation opportunities, and co-design, with a critical eye to ensuring broad engagement (Maestre and Eisenhauer, 

2019). Co-designed projects often yield outputs that communities can trust and act on (National Academies of 225 

Sciences, Engineering, and Medicine et al., 2018; Norström et al., 2020). However, meaningful co-design requires 

substantial time investment, resources for community engagement, and institutional commitment (Table 1). Not all 

distributed efforts have the capacity for deep co-design, and practitioners must balance aspirational goals with 

practical constraints. One way to maximize engagement across interested parties is to use multi-modal engagement. 

For example, AmeriFlux uses workshops, annual meetings, and virtual seminars to engage their community. Multi-230 

modal engagement also helps build trust across participants and reduces burden on one set of participants to 

continuously engage, thus minimizing attrition. Maximizing geographical coverage of distributed data generation 

efforts is also often a goal, especially given that many of our existing networks and databases are heavily biased to 

western Europe and North America (Dwivedi et al., 2022; Hughes et al., 2021; Malhotra et al., 2026; Skaldina and 

Blande, 2025). This requires extensive and targeted searches for participants. Engaging the general public can help 235 

with this but is not always practical. If considering this route, reducing the barriers for meaningful engagement is a 

best practice that several efforts have reported (Table 1). For example, enabling physical sample collections or 

public access to project data in user-friendly formats, are both ways that can improve engagement from the general 

public and also help maximize spatial coverage.  

 240 

Operations includes practices for clear communication, governance, and implementation across collaborators. 

Strong operational planning acknowledges that good science cannot be separated from the infrastructure and 

communities that support it. Collaborative science is most effective when it is embedded in the research design from 

the outset (U.S. DOE 2026a). Best practices in operations include open communication (Iversen et al., 2020), clearly 
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defined roles and responsibilities followed by appropriate recognition (Leverkus et al., 2021), clear mechanisms for 245 

engagement (Borer et al., 2023), and others (Table 1). Clear communication also enables the scientific goals to 

remain somewhat nimble and responsive to emerging questions, conditions and needs of interested parties, though 

the degree of responsiveness varies substantially depending on project structure and resources. For example, 

WHONDRS adapts their sampling approach based on environmental uniqueness of their existing sites and regions 

that have high error in predictive models (Hoffman et al., 2013; Malhotra et al., 2025).  250 

 

Output includes generating and publishing data, scientific papers, models, and other products. Best practices around 

output can transform distributed projects from ad hoc collections of data into enduring resources that amplify 

scientific impact and may enable effective use of data in decision-making by communities that engage in research 

co-design. In highly formalized efforts such as NEON, established standardized protocols ensure that data and 255 

metadata collection remains consistent and comparable, both across sites, and through time (Atkins et al., 2025). For 

less formalized efforts that rely on distributed volunteers to make measurements (e.g., EXCHANGE, AmeriFlux), 

establishing common sampling kits, training materials, and metadata standards can help maximize the potential of 

the data and make broad-scale comparisons possible (Myers-Pigg et al., 2023). Centralized and relational data 

repositories can further aid in data findability and scientific discovery (Chu et al., 2023). It is critical in all cases to 260 

ensure transparent methods for recognition and credit for all contributors in data and publications (Borer et al., 

2023). Last but not the least, making data publicly available as early as possible, ideally before manuscript 

development, ensures that data are equally available to the entire team and beyond (Pennington et al., 2023).   

 

Table 1: Demonstrated best practices in distributed data generation with example resources. Examples are not 265 

intended to be an exhaustive list or to indicate a preference for one project over another but rather provide a few 

tangible resources for each best practice. 

Best Practice Example 

Outreach 

Co-design with interested parties 

to identify research questions and 

local priorities, make design 

decisions, and focus protocols on 

feasibility 

The CROCUS (https://www.anl.gov/crocus; Collis et al., 2025) 

SW-IFL Urban Integrated Field Laboratories (https://sw-ifl.asu.edu) 

Tracking the Colour of Peatlands (Color of Peat; Davidson, 2021) 

  

Leverage multi-modal 

communications: Webinar series, 

workshops, annual meeting 

Ameriflux: https://ameriflux.lbl.gov/community/ameriflux-meetings-

workshops/ 

NEON: https://www.neonscience.org/resources/learning-hub 

LTER: https://lternet.edu/events/categories/community-calls/ 
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Distributed engagement across 

the research lifecycle (from 

ideation to manuscript writing) 

WHONDRS(Borton et al., 2022; Malhotra et al., 2025) 

Ensuring wide geographical  

coverage and broad opportunities 

NutNet (Borer et al., 2014) 

Phenocam (Young et al., 2025) 

μSudAqua (Fermani et al., 2024) 

Argo (Wong et al., 2020) 

Reducing barriers to public 

engagement 

Community Snow Observations: https://communitysnowobs.org/about-us/ 

CoCoRaHS: https://www.cocorahs.org/ 

  

  

Enabling members of the public 

to engage with scientific data 

collection via environmental 

photograph submission 

Lagunas de Sierra Nevada: https://obsnev.es/en/participacion/ 

Aurorasaurus: https://www.aurorasaurus.org/ 

Enabling members of the public 

to collect data at pre-established 

sites 

CrowdHydrology/CrowdWater: www.crowdhydrology.com 

https://crowdwater.ch/en/start/ 

NPS Dragonfly Mercury Project: 

https://www.nps.gov/subjects/citizenscience/dragonfly-mercury-project.htm 

Tracking the Colour of Peatlands: 

https://peatcolours.github.io/tracking.html 

Journal special issues/ conference 

themes 

WHONDRS (Borton et al., 2022) 

NEON (Nagy et al., 2021) 

LTER (Jones and Driscoll, 2022) 

GEOTRACES (Buck et al., 2024)  

Conduct extensive and targeted 

search for participants 

Zooniverse: https://www.zooniverse.org/ 

MyGardenOfTrees (Bison et al., 2025) 

Operations 

Open communication rooted in 

psychological safety 

NGEE Arctic (Iversen et al., 2020) 
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Clearly defined roles and 

responsibilities 

Seeding vs Planting Experiment (Leverkus et al., 2021) 

Global Seismograph Network (Davis, 2024)       

  

Recognizing and crediting roles 

beyond the research team (i.e., 

data generators, domain experts, 

volunteers and community 

members, data managers, 

repository curators, and 

coordinators) 

WHONDRS: https://data.ess-dive.lbl.gov/portals/WHONDRS 

NGEE Arctic (Iversen et al., 2020) 

Established model for shared 

leadership 

Dry Rivers Research Coordination Network (Allen et al., 2025) 

LTER: https://lternet.edu/committees/  

Clear expectations and 

mechanisms for engagement (e.g. 

authorship) 

NutNet (Borer et al., 2023), https://nutnet.org/authorship 

Bug-Net: https://www.bug-net.org/test/ 

Clear policies for data use and 

citation 

Ameriflux: https://ameriflux.lbl.gov/data/data-policy/ 

ICOS (ICOS, 2024) 

Standardized supplies (e.g., 

described in protocols or via 

distributed sampling kits) 

EXCHANGE (Myers-Pigg et al., 2023) 

MONet: https://github.com/EMSL-MONet/MONet-Protocols- 

TeaTime4Science: https://www.teatime4science.org/ 

Global deadwood decomposition experiment (Seibold et al., 2021) 

Detailed written observational 

protocols 

NEON: https://www.neonscience.org/data-collection/protocols-standardized-

methods 

The PeatPic Project (Davidson et al., 2025) 

CoCoRaHS: https://www.cocorahs.org/ 

Detailed written experimental 

protocols 

NutNet (Borer et al., 2014)  

MONet: https://github.com/EMSL-MONet/MONet-Protocols-   

BugNet (Kempel et al., 2025) 

Detailed video protocols WHONDRS: https://youtu.be/9fHKCeVCOWc?si=nn7YseD7DehrNc1c 

CoCoRaHS: https://www.youtube.com/playlist?list=PL86DC4C330F518387  
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Responsive study design linked to 

emerging questions, conditions, 

and needs 

WHONDRS(Malhotra et al., 2025) 

FrogID (Callaghan et al., 2023) 

NGEE Arctic (Hoffman et al., 2013) 

  

Output 

Use of metadata and data 

standards 

Ameriflux: https://ameriflux.lbl.gov/data/badm/badm-standards/ 

MIREN (Kueffer et al., 2014) 

TeaComposition (Djukic et al., 2021) 

GROWdb (Borton et al., 2025) 

  

Common vocabularies, time 

formats, file types and structures, 

and standard units 

Ameriflux: https://ameriflux.lbl.gov/data/aboutdata/data-variables/; 

https://ameriflux.lbl.gov/data/badm/badm-standards/ 

LTER: https://bioportal.bioontology.org/ontologies/LTER-CV 

  

Format for data and metadata, 

quality control checks 

Ameriflux (Chu et al., 2023) 

FLUXNET-CH4(Pastorello et al., 2020) 

NEON: https://www.neonscience.org/data-samples/data-management/data-

quality-program  

Centralized relational database; 

centralized data and metadata 

hosting and DOI management 

NutNet (Lind, 2016) 

Ameriflux (Chu et al., 2023) 

NEON: https://www.neonscience.org/data 

SeedingVsPlanting: https://seedvsplant.wixsite.com/seedvsplant 

Ability to view or request usage 

metrics 

Ameriflux: https://ameriflux.lbl.gov/sites/siteinfo/US-PFa#data-use-log 

NGEE Arctic: https://data.ess-dive.lbl.gov/portals/NGEE-Arctic 

Using a defined metadata and 

data structure and repeatable 

workflows to manage 

standardization 

NutNet(Lind, 2016) 

MONet: https://sc.emsl.pnnl.gov/ 

GEOTRACES (Aguilar-Islas et al., 2024) 

Publish data prior to manuscript 

development such that all data are 

open access to anyone within and 

outside of the network 

WHONDRS: https://data.ess-dive.lbl.gov/portals/WHONDRS  

CROCUS: https://data.ess-dive.lbl.gov/portals/crocus/Data 

EXCHANGE (Pennington et al., 2023) 
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Across all of these categories, trust is crucial and is strengthened when participants experience mutual benefit, when 

they know their contributions will be recognized and that decisions will support both individual and collective goals 270 

(Harris et al., 2021; Jagosh et al., 2015). Successful distributed data generation depends on making these 

considerations explicit from the outset. A single effort need not adopt all of these best practices, and many best 

practices described here require sustained funding, dedicated personnel, or institutional support. Projects operating 

with limited resources may need to prioritize a subset of practices based on their specific goals and constraints. 

4 AI-enabled opportunities in distributed data generation:  275 

The best practices for distributed data generation described in Sect. 3 require overcoming logistical and 

technological barriers, usually due to the large number of project participants. The rise of AI brings opportunities to 

better incorporate best practices across large teams, and magnify the impact of distributed data generation (Fig. 1). 

However, concrete examples of AI-enabled distributed efforts remain limited and significant steps (governance, 

training, standards, etc.) are necessary for AI-readiness of environmental sciences in general (Mishra, 2026). Below 280 

we propose three growth areas for distributed data generation facilitated by AI advancements.  

4.1 Outreach: LLM-driven enhancements in efficiency and scalability of trans-disciplinary co-design  

The outreach best practice of effective co-design, and integration of disparate data and knowledge, requires 

communication and collaboration among humans with varying background knowledge and motivations (Chambers 

et al., 2021). Whether it is a soil scientist communicating with a computational scientist or a process modeler 285 

conveying ecosystem management scenarios to a farmer, co-design and knowledge sharing across people and 

projects is hampered by communication barriers and delays in science-to-action pipelines. 

 

Large language models (LLMs) offer one solution to effective use of co-production and science-to-action pipelines 

that require human collaboration across disparate domains. LLMs could improve collaborations across similar or 290 

connected distributed data generation projects by expediting cross-domain translation, similar to LLM use in cross-

language translation (Gui et al., 2019). Linking related studies and disciplines across the globe has added benefits of 

maximizing impact and discovery, while reducing repetition and pressure on collaborators that are asked repeatedly 

for involvement. Such improvements can be applied outside of distributed data generation efforts, but are 

particularly valuable in this domain due to the challenges of maintaining consistent terminology and shared 295 

understanding across dozens to hundreds of participants who may span multiple disciplines, institutions, and career 

stages. Given this scale, traditional one-on-one communication approaches become increasingly inefficient and 

error-prone.  

 

LLM-based collaboration tools could be used throughout a project lifecycle to translate plans, findings, and 300 

implications across domains and team members. LLMs can also be used to convert highly technical content into 
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content relevant for nontechnical entities that require the information in a certain format to, for example, convert to 

policy. Thus, LLMs could play an important role in expediting the process of converting technical findings into 

actionable pipelines (Nie and Liu, 2025). More broadly, applications of LLMs could help achieve the key tenets of 

co-production, such as researching solutions together and empowering voices (Chambers et al., 2021), and 305 

informing future research priorities  (Ji et al., 2025). In this way, AI-enabled co-design could ensure that 

fundamental process understanding derived from distributed data can be applied to broad questions and applications.  

 

However, the effectiveness of LLMs for distributed data generation remains largely untested. Current LLMs show 

variable accuracy in technical domains, can introduce biases or errors in domain-specific translations, and can 310 

struggle with context that requires deep domain expertise (Cong-Lem et al., 2024; K. Rostam and Kertész, 2025). 

For example, using LLMs to automate data-to-action pipelines in an urban ecology use case suggested that 

automation could only reduce 10% of the labor cost of writing reports for urban planning, and that this was 

primarily due to inaccuracies in LLM inference (Richards et al., 2026). Thus, large-scale implementation of LLMs 

would require substantial validation, particularly for ensuring technical accuracy across disciplines. Additionally, 315 

automated discipline translation tools risk reducing meaningful human engagement if deployed without careful 

attention to maintaining collaborative relationships that are central to successful distributed efforts (Richards et al., 

2026). 

4.2 Operations: AI-guided distributed data generation to achieve rapid adaptability and iteration 

The operational best practice of study designs that are responsive to emerging questions, conditions, and needs could 320 

also be enabled by AI approaches. For example, a fundamental challenge is the persistent issue of sampling bias. AI-

guided approaches can systematically reduce spatial and participant selection biases by autonomously identifying 

high-priority sampling locations based on a priori user-defined needs (e.g., model uncertainty, environmental 

distinctiveness) (Gary et al., 2024; Zhu et al., 2024). AI-guided distributed data generation enables rapid, iterative 

cycles between data collection, prediction, and model improvements through optimization of sampling locations 325 

(Malhotra et al., 2025; McDowell et al. in review). In such efforts, AI models can continuously refine sampling 

strategies to maximize information gain while minimizing redundant effort, combining AI with approaches such as 

submodular optimization (Gary et al., 2024). 

 

The integration of adaptive sampling in near-real time with automated model updating would also create 330 

unprecedented opportunities for responsive, hypothesis-driven data generation that can adapt to emerging scientific 

questions and evolving environmental conditions (e.g., Reichstein et al., 2025). Distributed data generation allows 

such adaptive approaches to be scalable and nimble across large spatial domains (regional to global). This would be 

particularly powerful when implemented through hybrid models that combine the pattern-recognition capabilities of 

AI with the mechanistic understanding embedded in process-based models, creating systems that can both capture 335 

complex environmental heterogeneity and provide interpretable insights into underlying biological, chemical, and/or 

physical processes (e.g., Liu et al., 2024).  
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Implementing AI-guided adaptive sampling requires substantial computational infrastructure, real-time data 

transmission capabilities, and expertise in both data and domain science. Many distributed efforts, particularly those 340 

relying on volunteer participation or operating in remote locations, may lack the technical infrastructure for near-

real-time data integration and model updating. These approaches are most feasible for well-funded initiatives with 

existing cyberinfrastructure, though costs may decrease as technologies mature. 

 

AI agents –autonomous software systems that can plan and execute complex functions with minimal human help– 345 

will also be a key opportunity as they are capable of guiding sampling decisions at both global scales (optimal site 

selection across continents) and local scales (fine-scale spatial and temporal sampling guidance) (U.S. DOE 2026b. 

Such agents could be centralized (e.g., classic high-performance computing or cloud compute) and/or decentralized 

via edge computing. An evolution towards autonomous (or semi-autonomous) scientific workflows could help 

democratize participation in distributed data generation efforts while simultaneously improving data quality through 350 

standardized protocols and real-time quality control. Agents could also relieve some of the participation burden of 

repetitive tasks such as summarizing meetings and action items. Thus, the development of AI-based iterative data 

generation and modeling methods represents a transformative opportunity to address fundamental challenges in 

science enabled by distributed data generation.  

4.3 Output: AI-facilitated data harmonization within and across distributed efforts 355 

A single distributed project can require harmonization among data of disparate types and even stemming from 

different disciplines. New methods for expediting data harmonization could greatly enhance the impact of 

distributed projects. Here, too, LLMs can help expedite harmonization across disciplinary boundaries. LLMs could 

aid in an initial harmonization of similar data types, a task that has traditionally been done manually and is labor 

intensive and error prone, keeping in mind that automated harmonization requires careful validation by domain 360 

experts to detect semantic mismatches, unit conversion errors, or inappropriate harmonization that algorithms may 

miss (Hodgson et al., 2026). Open-source LLMs (e.g., Llama-family models) can be particularly valuable for such a 

task, because they can be fine-tuned using project-specific metadata and trained for specific tasks (Sai et al., 2025). 

Agentic workflows could also be developed, wherein agents discover and harmonize relevant external data with data 

from a distributed project (Parkinson et al., 2026). As is the gold standard now, future data would also be available 365 

from centralized data hubs that follow open data standards and are findable, accessible, interoperable, and reusable 

(FAIR; Wilkinson et al., 2016). However, in the future, maximizing the AI-readiness of these data would further 

lower the barrier of entry for adding new data and data types by automating data update and harmonization actions. 

Distributed data hubs will have to be scalable and contain machine-readable documents (Stocker et al., 2025) to 

harness the power of AI, both for analysis and coproduction. To realize this transition, the integration of data across 370 

trans-disciplinary distributed data generation efforts will benefit from new AI methods for quality control and 

harmonization. One promising direction is fine-tuning LLM’s for specific (multi)domains because this has been 

demonstrated to improve LLM performance for domain-specific applications (Zhang et al., 2025).  
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Agents could also keep track of data policies and ensure proper credit and recognition, likely in a less biased way 375 

than humans do (Herz et al., 2020), if provided with unbiased rules. These are particularly important considerations 

for distributed data generation efforts that may involve hundreds to thousands of participants, and AI could provide 

scalable solutions. However, current AI agent capabilities for complex policy management remain limited (Richards 

et al., 2026), and human-in-the-loop oversight remains essential to validate outputs and ensure appropriate credit 

attribution and policy compliance (Larosa et al., 2025; Mammides et al., 2026; Reynolds et al., 2025). For 380 

distributed efforts with hundreds to thousands of participants, this oversight can remain practical through audit logs 

and exception-based escalation, where agents apply standard rules at scale but route uncertain or contested cases to 

human reviewers (Mammides et al., 2026; Plaat et al., 2025).  

 

5 Conclusions  385 

The framework presented here aims to enable expansion in the use of distributed data generation by establishing 

shared vocabulary, defining core modalities, proposing best practices, and identifying opportunities for future 

development. Distributed data modalities arise from integrating across two continua: participants, ranging from 

highly formalized to highly flexible approaches, and methods, ranging from observational to experimental. This 

framework captures diverse data generation strategies, and our examples show that many successful efforts integrate 390 

multiple modalities. 

 

Three pillars underpin successful distributed data generation. Outreach includes co-design and multimodal 

engagement that facilitate broad opportunities. Operations include aligning decisions and designs with safety, trust, 

clear expectations. Output includes generating and openly sharing rigorous data and manuscripts, supported by 395 

standardization and repeatable workflows. These practices help mitigate persistent challenges such as inadequate 

recognition and data fragmentation, which can limit the impact of distributed data efforts. 

 

Emerging AI technologies offer potential opportunities to transform distributed data generation, though 

implementation barriers remain. LLMs may expedite co-design by bridging disciplinary communication barriers and 400 

accelerate science-to-action pipelines, while AI-guided sampling approaches can reduce bias and enable responsive, 

iterative data collection. AI-facilitated data harmonization and management could integrate diverse datasets across 

projects and disciplines, creating a more comprehensive understanding of ecological and environmental systems. 

Operationalizing these AI-enabled opportunities faces implementation barriers. As these technologies mature and 

become more accessible, careful attention to validation, human oversight, and broadening access will be essential. 405 

 

We encourage distributed data generators to use the shared vocabulary proposed here, adopt the best practices we 

outline, and build collaborative bridges between existing efforts with the help of AI. By implementing these 

approaches and fostering broader communication about the value of distributed data generation, the community can 

collectively advance both scientific understanding and societal applications. The convergence of established best 410 
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practices with AI-enabled opportunities positions distributed data generation as a central tool to address some of the 

most pressing social, ecological, and environmental challenges through scalable, mutually beneficial, and 

scientifically rigorous approaches. 
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