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Abstract 

Large Language Models (LLMs) offer a compelling opportunity to democratize access to 
complex environmental datasets by translating scientific data into plain language explana-
tions accessible to non-technical stakeholders. A growing number of systems now pursue 
this goal across hydrology, flood risk management, and climate science. However, these sys-
tems have emerged as bespoke engineering solutions to specific use cases, without provid-
ing an explicit shared vocabulary for reasoning about their design choices or the risks each 
choice introduces. Through the development and analysis of a prototype LLM-mediated in-
terface for South Florida groundwater and climate data, and through comparative examina-
tion of analogous systems in the literature, we identify four recurring functional concerns 
that such systems must address: data access, domain-adapted reasoning, natural language 
synthesis, and governance. To establish a standard architectural approach, we propose 
these concerns be concretized as an explicit four-layer design pattern (Access, Understand-
ing, Translation, and Governance) and derive a set of layer-specific design considerations 
from the common failure modes observed in comparable systems. Our central finding is that 
the Governance Layer cannot be treated as a supplementary safeguard applied after the 
other layers are designed; it must serve as the organizing constraint from which Access, Un-
derstanding, and Translation decisions follow. We demonstrate this principle through CLIO 
(Climate and Land data Interpretation Oracle), a proof-of-concept implementation 
grounded in the Biscayne and Southern Everglades Coastal Transport (BISECT) hydrological 
model outputs, which provides of hydrological condition projections for one of the most cli-
mate-vulnerable coastal regions in the United States. The resulting framework is domain-
agnostic and provides a reusable blueprint for responsible LLM-mediated scientific data 
communication across environmental and other data-rich domains. 
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1. Introduction 

The effective translation of scientific predictions into actionable decisions is a persistent 
challenge in environmental governance, particularly as communities confront accelerating 
climate change (Cabana et al., 2023; Cammarano et al., 2023; Elshall et al., 2020; Reichert 
et al., 2015). Over the past two decades, the hydrology and climate science communities 
have made substantial progress in making specialized datasets publicly available, from 
groundwater monitoring networks and hydrological simulations to global climate projec-
tions and coastal risk assessments as well as interactive interfaces through which those da-
tasets can be explored (Condon et al., 2021; Eyring et al., 2016; Huggins et al., 2025; Iturbide 
et al., 2022; Moeck et al., 2020). This effort has been guided by the FAIR (Findable, Accessi-
ble, Interoperable, Reusable) data principles (Iturbide et al., 2022; Wilkinson et al., 2016), 
which have made substantial advances in data findability, interoperability, and infrastruc-
ture-level accessibility, primarily for machines and expert systems. Yet a persistent gap sep-
arates data availability from data usability. The stakeholders who most need environmental 
projections — municipality leaders, agricultural managers, infrastructure planners, and 
community organizations — are rarely equipped with the specialized tools, domain training, 
or computational resources that meaningful engagement with these archives demands 
(Dosemagen & Williams, 2022; Elliott, 2022; Hewitt et al., 2017; Koldasbayeva et al., 2024; 
Mabon, 2020). The result is a bottleneck between scientific infrastructure and the decision-
making it is intended to support. 

Large Language Models (LLMs) have emerged as a compelling mechanism for bridging this 
gap. Unlike programmatic APIs or interactive dashboards, which require users to conform to 
the organizational logic of the data, LLMs accept queries in natural language and can serve 
as an interpretive layer between complex model outputs and non-specialist audiences, en-
abling a policy stakeholder or community planner to engage with scientific results without 
specialized training, though how this interpretive role should be structured, and with what 
safeguards, is less settled than demonstrations of its feasibility suggest. A growing body of 
implemented systems demonstrates this potential across environmental domains: voice-
enabled platforms that allow users to retrieve and visualize federal hydrological data through 
conversational commands (Ramirez & Demir, 2026); GPT-4-powered assistants that synthe-
size real-time flood warnings and geospatial data into plain language risk advice for non-
technical publics (Martelo et al., 2026); LLM-orchestrated water resources management 
systems that decompose user requests into multi-step data ingestion and analysis work-
flows (He et al., 2025); and local climate services that translate regional model outputs into 
accessible explanations for non-specialist stakeholders (Koldunov & Jung, 2024). Beyond 
this communicative role, LLMs have also shown promise for accelerating scientific discovery 
itself (Boiko et al., 2023; X. Ji et al., 2025; Romera-Paredes et al., 2024; Wang et al., 2023), 



though the role pursued here is distinct: extending expert knowledge to non-expert audi-
ences rather than augmenting expert research workflows. 

These systems represent a meaningful advance, but they have emerged largely as bespoke 
engineering solutions to specific use cases, each making implicit design choices about how 
the LLM relates to data retrieval, domain knowledge, response generation, and output ac-
countability without an explicit shared vocabulary for reasoning about those choices or the 
failure modes each choice introduces. This absence has a practical consequence: it makes 
the risks of particular design decisions difficult to anticipate before deployment, difficult to 
compare across systems, and difficult to communicate to practitioners building new sys-
tems. The failure modes in question are not trivial, and in the context of AI-assisted environ-
mental decision support they carry particular weight: the data concerns physical systems, 
such as water supply and flood risk, where an undetected error could conceivably lead to a 
consequential and irreversible decision. The risk is compounded by the fact that the non-
specialist stakeholders these systems are built to serve are the audience least equipped to 
independently verify what the system tells them. LLMs placed in control of data retrieval ex-
hibit unreliable spatial reasoning when translating natural language descriptions into geo-
graphic coordinates (Kizilkaya, Sajja, et al., 2025; Yan et al., 2023), degraded tool selection 
accuracy as toolkit complexity grows, leading to malformed calls and compounding errors 
across multi-step retrieval sequences (Gan & Sun, 2025), and a systematic tendency to draw 
on memorized training knowledge rather than retrieved evidence, even when the two are in 
direct conflict (Xie et al., 2023). LLMs generating natural language responses can also pro-
duce confident, grammatically correct outputs that are indistinguishable from correctly at-
tributed claims, a well-documented hallucination risk (Z. Ji et al., 2023) that is especially 
dangerous when the intended audience lacks the domain expertise to detect errors (L. Zhang 
et al., 2025). In high-stakes scientific domains like groundwater and coastal hydrology, 
where a misreported salinity trend or an incorrectly bounded geographic query can mislead 
decisions about flood risk, water supply, or saltwater intrusion, the tolerance for undetected 
errors is, as it should be, very low. 

This paper addresses the vocabulary gap directly. Through the development and analysis of 
a prototype LLM-mediated interface for South Florida groundwater and climate data, and 
through comparative examination of the analogous systems described above, we identify 
four recurring functional concerns that any such system must address: how it connects the 
LLM to quantitative data (data access); how it equips the LLM to reason correctly about do-
main-specific scientific content (domain-adapted reasoning); how it generates responses 
that are both accurate and accessible to non-specialists (natural language synthesis); and 
how it ensures that users can detect, attribute, and correct errors in LLM-generated outputs 
(governance). To elucidate a standard architectural approach, we propose that these 



concerns be concretized as an explicit four-layer design pattern: Access, Understanding, 
Translation, and Governance; and derive a set of layer-specific design considerations from 
the failure modes observable in existing systems. This formalization creates a shared vocab-
ulary for describing and evaluating design choices across systems, and makes design 
tradeoffs legible: choices in the Access Layer have direct consequences for what the Gov-
ernance Layer can promise, and these dependencies are easier to reason about when the 
layers are explicitly named. 

Our central architectural finding is that Governance cannot be treated as a supplementary 
safeguard applied after the other layers are designed. A system that places the LLM in the 
data access pipeline provides no mechanism through which a non-specialist user can inde-
pendently verify its numerical outputs, because evaluating whether the LLM's retrieval steps 
were correct requires precisely the domain expertise such systems are designed to replace. 
Governance requirements must therefore serve as the organizing design constraint from 
which Access, Understanding, and Translation decisions follow, not the other way around. 
We demonstrate this principle through CLIO (Climate and Land data Interpretation Oracle), 
a proof-of-concept implementation grounded in the Biscayne and Southern Everglades 
Coastal Transport (BISECT) hydrological model, which provides high-resolution, decision-
relevant projections for one of the most climate-vulnerable coastal regions in the United 
States (Gebremedhin et al., 2026; Swain et al., 2019). In CLIO, a user selects a geographic 
region and time period through an interactive map; a deterministic data processing pipeline 
computes a verified statistical summary of the selection; and the LLM receives only this pre-
computed snapshot as its numerical ground truth, with no ability to query or modify the un-
derlying dataset. Every numerical claim the LLM makes can be cross-referenced by the user 
against the displayed data panel. Every citation it provides is traceable to a specific source 
document and page number through a provenance widget visible alongside each response. 
These mechanisms operationalize a Human-on-the-Loop (HOTL) governance pattern (Baum 
& Laux, 2026; Parasuraman et al., 2000), in which the system operates automatically while 
maintaining sufficient transparency for a non-specialist user to identify and correct errors 
without interrupting every interaction. The resulting framework is domain-agnostic: any field 
in which a data-to-model-to-policy pipeline exists can instantiate the same architecture by 
replacing domain-specific data processing and knowledge base components while preserv-
ing the LLM's interpretive role and the governance mechanisms that bound it. 

The following section develops the four-layer design pattern, describing each layer's respon-
sibilities, design considerations, and the failure modes that motivate them. Section 3 intro-
duces the South Florida case domain and the BISECT dataset. Section 4 describes the tech-
nical implementation of CLIO as a concrete instantiation of the framework. Section Error! 
Reference source not found. presents a qualitative demonstration of the system, 



discusses its current limitations and future directions, and poses open questions for the re-
search community. Section 6 concludes. 

2. Conceptual Background 

The systems mentioned in the introduction share a common set of functional requirements. 
In broad outline, any such system must connect the LLM to relevant scientific data, equip it 
to reason about that data correctly, generate accessible natural language responses, and 
maintain some form of output accountability. They differ substantially, however, in how each 
of these concerns is resolved. This section develops the vocabulary the introduction identi-
fied as missing. We organize the four recurring functional concerns as named architectural 
layers (Access, Understanding, Translation, and Governance) and for each describe the de-
sign approaches observable in analogous systems, the failure modes that can arise when 
the concerns aren't thoughtfully addressed, and the design considerations that we recom-
mend. Section 4 then describes how each consideration is instantiated in CLIO. 



 

Figure 1. Conceptual Framework 

2.1 Access Layer: Data Retrieval 

The Access Layer is responsible for connecting the LLM to data that is external to its training 
distribution. A primary limitation of foundation models is that their knowledge is static and 
excludes specialized, real-time, or proprietary datasets of the kind that characterize opera-
tional environmental science (Xu, Wu, et al., 2025). The implemented systems described in 
the introduction address this in different ways, each granting the LLM a different degree of 
autonomy over the retrieval process. At the high-autonomy end, the LLM is given an unre-
stricted programming environment in which it can generate and execute arbitrary code 



against environmental datasets, determining for itself what to extract and how to process it 
(L. Zhang et al., 2025), introducing a flexibility that, by design, imposes no constraints on 
what code is executed, leaving correctness, safety, and reproducibility entirely dependent 
on the model's own judgment. On the other hand, intermediate autonomy approaches share 
a different design philosophy; the LLM's data access is always mediated by a separate, re-
searcher-defined execution component: whether parsing user intent into structured re-
quests against federal data services (Ramirez & Demir, 2026), making constrained calls to a 
pre-specified simulation model (Nie & Liu, 2025), or delegating instructions to modular sub-
components across a multi-step workflow (He et al., 2025). At the low-autonomy end, the 
LLM receives a pre-computed summary of relevant data injected directly into its context, 
with no role in determining what is retrieved or how. 

The degree of LLM autonomy in this layer has direct consequences for reliability. At the high-
autonomy end, LLMs exhibit unreliable spatial reasoning in coordinate-based tasks, with ac-
curacy degrading as spatial complexity increases (Yan et al., 2023), a limitation explicitly 
identified as critical for hydrological applications requiring precise geographic boundary 
specification, including watershed mapping and flood simulation (Kizilkaya, Sajja, et al., 
2025). Even in intermediate approaches, this residual risk persists: the LLM's interpretation 
of spatial and temporal scope still shapes tool arguments and decides which data is ulti-
mately retrieved, even if the data extraction itself is processed by a tool rather than the LLM 
itself. Intermediate approaches introduce a further failure mode: geospatial analysis inher-
ently demands large, heterogeneous toolkits spanning data sources, spatial operations, and 
temporal queries, and as toolkit size grows, tool selection accuracy degrades markedly, a 
phenomenon Gan & Sun (2025) term prompt bloat, producing hallucinated and mis-param-
eterized function calls. These errors share a dangerous quality: they are subtle and locally 
plausible — a slightly misshapen geographic boundary, a salinity value within a credible 
range but wrong for the selected region — precisely the kind of errors a non-technical audi-
ence cannot detect (L. Zhang et al., 2025). 

These failure modes motivate a low-autonomy access approach in which the LLM plays a 
diminished role in data retrieval. In this way the burden of making structured geospatial que-
ries, which is a role LLMs are not particularly suited for, is delegated to a reliable determin-
istic data engine, letting the LLM act solely in the more natural role of data interpreter rather 
than data extractor, and ensuring that the data it interprets remains independently verifiable 
by the user. This is not merely a pragmatic engineering tradeoff; it reflects a principled stance 
on the primacy of safety in AI-assisted decision support. Rather than treating governance as 
a safeguard to be added after design decisions are made, a low-autonomy access design 
takes a proactive architectural approach, eliminating entire categories of failure before they 
can propagate into the outputs that decision makers rely on. This safety gain, however, is not 



free: a low-autonomy design shifts the burden of specifying what data to retrieve — geo-
graphic extent, time period, and variable of interest — onto the user rather than the LLM. A 
well-designed interface can make this burden small (an interactive map and form controls, 
rather than raw dataset queries), but it remains a real usability cost relative to a system in 
which a user could simply state their question in natural language and have the LLM deter-
mine the relevant data automatically. Nonetheless, given the high-stakes nature of science 
communication in domains like coastal hydrology, where errors in salinity projections or 
flood risk estimates can influence infrastructure and water management decisions for com-
munities, we hold that this proactive safety posture is the safer approach. 

2.2 Understanding Layer: Domain-Adapted Reasoning 

Even when the Access Layer provides the LLM with relevant quantitative data, a general-pur-
pose model is often poorly equipped to interpret it correctly. Environmental science relies 
on specialized terminology, dataset-specific conventions, and interdisciplinary concepts 
(the relationship between sea-level rise and groundwater salinity, the distinction between 
emissions scenarios, the significance of specific hydrological variables) that most models 
have encountered only superficially during training (Kizilkaya, Sajja, et al., 2025; Kizilkaya, 
Sermet, et al., 2025; Xu, Li, et al., 2025; Xu, Wu, et al., 2025). The Understanding Layer ad-
dresses this by grounding the LLM in authoritative domain knowledge, so that its interpreta-
tions are scientifically informed and its claims are traceable to citable sources rather than 
the model's general training. 

The primary technical approach for this is Retrieval-Augmented Generation (RAG), in which 
a curated library of relevant documents (technical reports, agency publications, scientific 
literature) is made searchable, and the passages most relevant to a user's query are provided 
to the LLM alongside it (Martelo et al., 2026; Xu, Wu, et al., 2025). Because each retrieved 
passage carries the title and page number of its source document, RAG enables the system 
to tell the user not just what it concluded, but where that conclusion came from. This source 
attribution is the technical foundation for our Human-on-the-Loop governance pattern: a 
non-specialist who sees a scientific claim accompanied by a specific document and page 
number can choose to verify it, question it, or flag it for expert review without needing to un-
derstand the underlying model. Without attribution, the user has no way to distinguish a 
claim grounded in authoritative literature from one the model generated from its general 
training, and the human oversight that HOTL requires becomes impossible in practice. RAG's 
primary limitations are retrieval errors — when the most relevant passages are not surfaced, 
the LLM may fill the gap with unsupported claims (Z. Ji et al., 2023) — and the need for active 
maintenance, since the knowledge base is only as current as the documents it contains. 



Fine-tuning offers a complementary approach: rather than providing domain knowledge at 
query time, the model is retrained on domain-specific examples so that relevant under-
standing is built into the model itself (Y. Zhang et al., 2025). Work in hydrology has shown 
that relatively compact models trained on approximately 8,000 domain-specific examples 
can achieve meaningful gains in domain reasoning while remaining practical to deploy (Ki-
zilkaya, Sermet, et al., 2025). The tradeoff is the inverse of RAG: fine-tuning improves the 
quality of the model's reasoning but does not produce citable outputs, and the knowledge it 
encodes is fixed at training time. Recent work combining both approaches suggests that hy-
brid systems can outperform either method alone, with fine-tuning helping the model make 
better use of retrieved passages (Zhou et al., 2026). 

The key design consideration for this layer is ensuring that every domain knowledge claim 
the system makes is accompanied by a traceable source. The knowledge base should be 
built from documents at appropriate levels of specificity (primary model documentation, 
model-specific projection studies, regional scientific context, and recognized policy synthe-
ses) and source and page information must be preserved and surfaced to the user alongside 
every claim. The knowledge base should be maintainable independently of the rest of the 
system so it can be updated as the science evolves. Fine-tuning on domain-specific material 
is recommended as a future direction, particularly where data privacy or API dependency 
make cloud-hosted models impractical. 

2.3 Translation Layer: Natural Language Synthesis 

The Translation Layer is where the LLM produces its response: synthesizing the verified data 
summary from the Access Layer and the retrieved domain knowledge from the Understand-
ing Layer into a plain language explanation a non-specialist can act on. Comparable systems 
implement this layer in two broad modes: explanatory synthesis, where the LLM converts 
data into a contextually situated narrative interpretation (Koldunov & Jung, 2024; Martelo et 
al., 2026), and intent-to-action orchestration, where it decomposes user requests into exe-
cutable data retrieval and analysis workflows (He et al., 2025; Ramirez & Demir, 2026). Kol-
dunov & Jung (2024) describe the first mode as a "local climate service": a system that takes 
user queries alongside local climate model output and generates explanations connecting 
regional data to broader scientific framing. 

The central failure mode at this layer is that the model's prior training can actively override 
provided context, producing responses that go beyond or misrepresent the injected data, 
particularly when a user's question invites speculation. Empirical benchmarking in water 
and environmental science confirms that this failure is systematic: general-purpose LLMs 
evaluated on hydrology and water management tasks exhibit error rates exceeding 30% and 
consistently underperform human domain experts even under controlled conditions (Xu, Li, 



et al., 2025; Xu, Wu, et al., 2025). For non-specialist audiences, these errors are com-
pounded by a documented gap between surface fluency and epistemological accuracy in 
LLM climate responses (Bulian et al., 2023), a risk made more acute by evidence that users 
tend to trust responses that repeat their own language back to them, even when the under-
lying information is unreliable (Chiesurin et al., 2023). 

The appropriate design response is to ground the LLM's output in the verified inputs it has 
been provided, rather than allowing it to draw freely on prior training knowledge. This is typi-
cally implemented through system prompt instructions that direct the model to treat pro-
vided data as authoritative, attribute domain claims to retrieved sources, and decline to 
speculate beyond what those sources support. Prompting reduces but cannot eliminate this 
risk: prior training can override explicit instructions, producing responses that misrepresent 
or go beyond the provided inputs even when the model appears to comply (Longpre et al., 
2021; Xie et al., 2023). Because these failures are not always detectable from the response 
itself, addressing them requires a complementary layer at the output, one that makes the 
LLM's grounded inputs visible to the user, so they can judge whether the response reflects 
those inputs or has departed from them. 

2.4 Governance Layer: Ensuring Trust and Accountability 

The preceding three layers each carry important governance implications. At the Access 
Layer, the primary governance decision is the choice of workflow autonomy: a low-auton-
omy, deterministic data pipeline eliminates whole categories of failure at the source rather 
than relying on downstream mechanisms to catch them. At the Understanding Layer, the 
governance requirement is provenance preservation: source attribution metadata must flow 
through the retrieval pipeline so that domain knowledge claims remain traceable. At the 
Translation Layer, two failure modes persist regardless of how carefully the layers above are 
designed: prior training can cause the LLM to go beyond its provided inputs, and surface flu-
ency can mask when it does, and these cannot be eliminated by design, only made visible. 
The Governance Layer as such is interwoven through all the layers and encompasses all of 
these design considerations, as well as the interaction-level mechanism that makes Trans-
lation Layer failures visible to non-specialist users: Human-on-the-Loop (HOTL). According 
to this pattern the system continues to operate without mandatory approval but provides 
enough transparency for users to monitor outputs and intervene when needed (Baum & 
Laux, 2026; Parasuraman et al., 2000). 

Making HOTL meaningful requires two things, each of which must be deliberately designed 
into the layers above. First, there must be a mechanism to provide transparency about the 
data the LLM is synthesizing. As such the data must be translated into a form that is display-
able to the user alongside LLM responses, in such a way that any factual claim can be cross-



referenced without requiring the user to understand the underlying dataset. This is only pos-
sible if the Access Layer was designed to produce a verifiable, human-readable output rather 
than embedding retrieved data opaquely in the model's context. Second, the provenance of 
any domain knowledge claim must be surfaced in the interface, so the user can identify 
which source each claim derived from. This is only possible if the Understanding Layer pre-
served attribution metadata through the retrieval pipeline. The Translation Layer must then 
be designed to keep these two sources distinct in its outputs, so the user can tell whether a 
given statement derives from the grounded data or from retrieved domain literature. 

In low-stakes applications with expert users, relying on system prompts and user expertise 
to catch errors may be sufficient. In high-stakes scientific domains serving non-technical 
audiences, it is not. Errors in the interpretation of salinity projections, flood risk estimates, 
or groundwater recharge rates can propagate into infrastructure and water management de-
cisions that affect entire communities (Camps-Valls et al., 2025; Karimanzira et al., 2025; 
Zajac et al., 2025). At scale, repeated inaccuracies in AI-mediated climate communication 
carry a second risk: LLM outputs that are plausible and confident but factually wrong pose 
cumulative, long-term risks to science communication and shared social truth (Nabavi et 
al., 2026; Wachter et al., 2024). In these contexts, a disclaimer urging users to verify outputs 
is not enough; these systems also need mechanisms that make verification practical for 
non-specialists. For AI-assisted decision support in high-stakes scientific domains, this gov-
ernance-centric ordering of design priorities is a safety requirement. 

3. Case Study 

South Florida faces compounding water management pressures — saltwater intrusion 
threatening municipal wellfields, rising groundwater levels increasing urban and agricultural 
flooding, and freshwater flows critical to Everglades restoration, weakened by salinization 
and reduced recharge (Gebremedhin et al., 2026; Swain et al., 2019). These processes have 
direct implications for land use and water management policy (Elshall et al., 2020). The 
stakeholders who must act on this information are largely non-specialists in hydrological 
modeling, and the scientific projections that describe these risks are not currently accessi-
ble to them in a form they can directly use (Dosemagen & Williams, 2022; Elliott, 2022; 
Hewitt et al., 2017; Mabon, 2020), making this a meaningful opportunity to implement LLMs 
as part of a science dissemination strategy through an agent like our prototype. 

Our case study is based on outputs from the Biscayne and Southern Everglades Coastal 
Transport (BISECT) model (Swain et al., 2019). BISECT is a density-dependent, integrated 
groundwater–surface water model developed by the U.S. Geological Survey to represent the 
hydrologic system of the South Florida peninsula. The model accounts for groundwater flow, 
surface-water routing, salinity transport, canal–aquifer exchange, coastal boundary forcing, 



and wetland hydrologic processes. Its domain covers Miami-Dade County, Monroe County, 
and part of southern Collier County, capturing both the highly managed urban corridor of the 
Biscayne Aquifer and the largely undeveloped Everglades wetland system (Figure 2). 

 

Figure 2. Location and spatial extent of the BISECT model domain in South Florida 

The data used in this prototype are sourced from the climate-forced BISECT simulations pre-
sented by Gebremedhin et al. (2026). In that study, the calibrated model was validated 
against independent groundwater-level and surface-water stage observations, then forced 
with bias-corrected and statistically downscaled CMIP6 rainfall and sea-level rise projec-
tions from the NASA IPCC AR6 Sea Level Projection Tool. The simulations cover near-future 
(2051-2059) and far-future (2091-2099) periods under SSP2-4.5 and SSP5-8.5. The shared 
variables include groundwater levels, groundwater recharge, groundwater evapotranspira-
tion, groundwater salinity, surface-water salinity, and surface-water temperature. These out-
puts vary across space and time, but they are not easy to analyze directly in their original 
format. Even expert users often need additional geospatial processing, statistical summari-
zation, and hydrologic interpretation before the outputs can support decisions. The same 
study is also embedded directly in CLIO's Understanding Layer knowledge base (Section 
4.2), so beyond grounding the case-study data itself, it is one of the sources the agent can 
retrieve from and cite when a user asks about the projection methodology behind the num-
bers they are viewing. 



The climate forced BISECT simulations generate large, multidimensional spatiotemporal da-
tasets representing hydrological conditions across the case study, over multiple simulation 
periods, and under different climate scenarios. Figure 3 illustrates surface-water salinity as 
an example of the spatially and temporally varying outputs generated by the climate-forced 
BISECT simulations. These outputs vary across both the model domain and the simulation 
periods, allowing changes in salinity patterns to be examined under different climate sce-
narios. 

 

Figure 3. Simulated mean surface-water salinity for the baseline, near-future, and far-future periods under SSP2-4.5 and 
SSP5-8.5. Panels (a)–(e) correspond to the baseline, near-future SSP2-4.5, far-future SSP2-4.5, near-future SSP5-8.5, and 
far-future SSP5-8.5 simulations, respectively. The inset time series show simulated salinity at locations P1 and P2.(Ge-
bremedhin et al., 2026) 

In this prototype, the dashboard performs the data extraction and visualization, while the 
LLM translates selected model outputs into plain-language explanations tied to the underly-
ing model-derived statistics. The BISECT dataset is used here as a case study to demonstrate 
the approach; the dashboard framework is not limited to this specific model or dataset and 
can be adapted to other environmental model outputs with similar spatial and temporal 
structure. These data in South Florida provides a particularly relevant setting for demonstrat-
ing the governance-first design introduced in Section 2 because of its technically complex 
model outputs, diverse non-specialist users, and consequential environmental manage-
ment context increase the potential significance of errors in LLM interpretations. 



4. Methods 

This section describes the technical implementation of our hydrology agent CLIO as a con-
crete instantiation of the four-layer design pattern developed in Section 2. CLIO is built 
around Google's Gemini large language model (Gemini Team et al., 2023), orchestrated 
through the LangGraph framework (LangChain, Inc., 2023) as a stateful, graph-based agent, 
and served via a Flask backend to a single-page web frontend built on Leaflet. The following 
subsections describe each layer in turn. 

 

Figure 4. Implemented Architecture of the Case Study Prototype 

4.1 Access Layer 

The data processing pipeline starts with the source datasets, which exist in the form of CF-
compliant NetCDF files (Hassell et al., 2017). It’s important to note that the original BISECT 
projection outputs used in the case study below did not originate in this form: we converted 
them from their original heterogeneous data binaries into a standard format to make them 
interoperable with standard Python GIS workflows (Harris et al., 2020; Hoyer & Hamman, 
2017; NSF Unidata, n.d.). The user triggers the data extraction through an interactive map on 
which they draw a rectangular region of interest, specify a time range, and select a variable 
of interest. The data engine computes a statistical summary (mean, maximum, minimum, 
standard deviation, and linear trend) for the selected region and period, alongside a 



georeferenced heatmap, time series chart, and reverse-geocoded place names for geospa-
tial context via the Nominatim geocoding service (OpenStreetMap contributors, n.d.). These 
outputs are computed deterministically (no gen-AI) and displayed directly to the user before 
the LLM is consulted. The statistical summary is then injected into the LLM's system prompt 
as a fixed, verified reference. As argued in Section 2.1, placing the LLM in control of data 
retrieval rather than interpretation introduces failure modes that are difficult to detect for a 
non-specialist audience; the design decision here is to remove the LLM from that role en-
tirely, delegating spatial and statistical operations to a robust deterministic pipeline. This 
layer is designed to work with any CF-compliant (Climate and Forecast) dataset that pro-
vides a rectilinear horizontal grid and a single vertical level per variable, a category that in-
cludes the BISECT outputs used here and many single-level climate and hydrology products. 
From the six BISECT output variables introduced in Section 3, we select the two that fit this 
criterion for the purposes of our prototype: surface-water salinity and surface-water temper-
ature. 

4.2 Understanding Layer 

The Understanding Layer is implemented as a RAG tool exposed to the LangGraph agent. 
When the agent determines that a user's question calls for domain knowledge beyond the 
injected statistics, it invokes the tool with a natural language query and receives the most 
relevant passages from the knowledge base, ranked by semantic similarity. Source docu-
ment citation details (title, author, page number, and DOI) are preserved through the pipeline 
and returned alongside each passage, enabling the source attribution that the Governance 
Layer's provenance mechanism depends on. The agent's system prompt also dynamically 
lists the titles of every document currently in the knowledge base, so it can tell a user when 
a question falls outside what the system can retrieve rather than defaulting to silence or an 
ungrounded guess. This list is deliberately limited to titles: the prompt explicitly instructs the 
agent that recognizing a document's title from its own training is not equivalent to knowing 
its contents, and that any claim about a listed document must still be grounded in an actual 
retrieved passage. The knowledge base also needs a way to grow and stay current as the 
science evolves, so a separate command-line tool lets a user add new documents by con-
firming each one's citation metadata before it is embedded, and remembers those answers 
even if the database is later rebuilt — directly supporting the maintainability principle from 
Section 2.2. 

The knowledge base is populated with four documents selected to cover the primary classes 
of questions a non-technical stakeholder is likely to ask when engaging with South Florida 
coastal hydrology data. The BISECT technical report (Swain et al., 2019) documents the de-
velopment, calibration, and physical assumptions of the model that generated the dataset, 
grounding agent responses about variable definitions, spatial extent, and model behavior in 



the authoritative primary source. Gebremedhin et al. (2026) documents the specific climate-
forced projection study that produced the case-study dataset itself: the CMIP6 general cir-
culation model selection and bias-correction method, and the SSP2-4.5/SSP5-8.5 near- and 
far-future simulation design, letting the agent answer methodological questions about the 
projections a user is actually viewing (which emissions scenarios were modeled, which cli-
mate model and downscaling approach were used) with a level of specificity the model doc-
umentation alone does not provide. NOAA Technical Report NOS CO-OPS 083 (Sweet et al., 
2017) provides authoritative federal sea-level rise projections relevant to the South Florida 
coastal context, enabling the agent to situate output variables within the regional inundation 
and emissions assumptions stakeholders are most likely to ask about. The IPCC Sixth As-
sessment Report Synthesis Summary for Policymakers (Calvin et al., 2023) supplies the 
broader global climate science consensus and emissions scenario framing (SSP2-4.5, 
SSP5-8.5) in language already designed for non-technical audiences. Together, these docu-
ments represent a practical starting point for domain-adapted RAG knowledge bases in sim-
ilar applications: primary model documentation, model-specific projection study, relevant 
regional climate context, and a globally recognized policy-facing synthesis. 

4.3 Translation Layer 

The Translation Layer is the conversational front end of the system, where the LLM translates 
the verified data snapshot into plain language responses for the user. At the start of each 
conversation turn, the model is provided with three pieces of context: a description of its role 
as a scientific interpreter for non-technical audiences; a summary of the active dataset's key 
characteristics drawn automatically from its metadata; and the statistical summary of the 
user's current map selection. The model is explicitly instructed to treat the injected statisti-
cal summary as its sole source of numerical claims and to attribute all domain knowledge 
to retrieved documents rather than general training. Armed with this context, the model can 
answer questions about the data, explain what the numbers mean, and retrieve supporting 
scientific literature when the question calls for it. Conversation history is carried forward 
across turns, so the user can ask follow-up questions naturally without repeating context, 
providing a recognizable interface for anyone already familiar with mainstream conversa-
tional AI systems. 

4.4 Governance Layer 

The Governance Layer operationalizes the Human-on-the-Loop (HOTL) pattern described in 
Section 2.4 through two complementary mechanisms that give non-specialist users the 
tools to independently verify the system's outputs. Prompt-level instructions alone — in-
structing the LLM to rely only on provided context — are insufficient (see Section 2.3), since 
they can be overridden by the model's prior training and provide the user with no 



independent means of detecting when that occurs. The mechanisms described here ad-
dress this by making the ground truth visible alongside every response. 

The first mechanism is a statistical data panel that displays the exact numerical values com-
puted by the deterministic data processing pipeline directly on screen alongside the LLM's 
response. Any numerical claim made by the LLM can be cross-referenced against this panel 
without requiring technical knowledge of the underlying dataset. The second mechanism is 
a collapsible provenance widget that accompanies every response in the chat interface, in-
dicating whether the response was grounded in retrieved documents or based solely on the 
injected statistics. When document retrieval occurs, the widget displays the document title 
and page number of each retrieved chunk, allowing even non-specialist users to verify that 
citations are traceable to specific source pages in the underlying literature. When no re-
trieval occurs, the widget notifies the user, making them aware of potential cases where the 
agent might make claims beyond the actual ground truth knowledge it has available. 

5. Prototype Demonstration and Discussion 

This section presents the results of our implementation through a qualitative demonstration 
of the system operating on South Florida hydrological data, and then develops the implica-
tions, limitations, and future directions for the broader field of LLM-mediated environmental 
decision support. 

5.1 Agent Demonstration 

We demonstrate the system using BISECT projections over South Florida's coastal region 
under the far-future SSP5-8.5 scenario. The following walkthrough proceeds through each 
layer of the four-layer architecture in the order a user encounters it.  

5.1.1 Setup and Region Selection (Access Layer) 

The user is presented with an interactive web map centered on South Florida. Using the 
map's draw tool, the user selects a rectangular region of interest along with a time range and 
the surface salinity variable. Upon submitting the selection, the system generates a georef-
erenced heatmap overlay on the map and populates a time series chart and statistics panel 
(Figure 5), rendering each model grid cell at its true salinity value, with transparent pixels 
indicating land or areas outside the model domain. 



 

Figure 5. Interactive Dashboard: Surface Salinity 

These values are computed deterministically by the processing pipeline and displayed to the 
user before the LLM is ever consulted, establishing the verified numerical ground truth that 
grounds the responses in the exchanges that follow. 

5.1.2 Data Interpretation (Translation Layer) 

The two examples below demonstrate the Translation Layer's core function: synthesizing the 
loaded statistics with domain knowledge retrieved from the knowledge base into a single 
plain-language explanation. In this implementation, the Translation and Understanding Lay-
ers overlap within a single response, so what follows should be read as the two layers oper-
ating together, with the act of combining data and retrieved knowledge as the focus. 



Using the same selection shown in Figure 5, the user asks for an interpretation of the impli-
cations of the loaded data. The agent's response (Figure 6) opens by recapping the region, 
period, trend, and extremes directly from the loaded statistics, then situates that trend in the 
domain knowledge retrieved from Gebremedhin et al. (2026), synthesizing an accurately 
cited narrative explaining the sea-level-rise mechanism driving the projected salinity in-
crease and its ecological and water-supply implications. The provenance widget, as dis-
cussed earlier, is a central focus of the governance philosophy as it gives the user a mecha-
nism to verify all citations provided by the agent. 

 

Figure 6. Translating Salinity Projections into Plain Language 

For the same region and period, the user asks a question related to the surface-water tem-
perature variable, prompting the agent to explain the physical process behind the observed 
phenomenon and its implications grounded in the retrieved literature. 



 

Figure 7. Interactive Dashboard: Surface Temperature 



 

Figure 8. Translating Temperature Projections into Plain Language 

5.1.3 Scientific Contextualization (Understanding Layer) 

Using the same salinity selection shown in Figure 5, the user asks a question about model 
uncertainty. The agent's response explains what the model represents, the specific refine-
ments that improve its accuracy, and the model's own documented limitations (sensitivity 
to tidal and frictional parameters, a likely overestimate of surface-water evaporation), before 



closing on the source's own assessment that the model's broader spatial patterns and 
trends remain reliable despite those limitations. 



 



Figure 9. Grounding Model Uncertainty in the Case-Study Literature 

Using the same selection, the user asks a question about the emissions scenario underlying 
the projection, framed in terms of its broader global context rather than the loaded data it-
self. This pulls the agent's retrieval away from the case-study literature: the response (Figure 
10) turns to the IPCC AR6 Summary for Policymakers (Calvin et al., 2023) to place the selec-
tion's underlying SSP5-8.5 scenario within the full range of Shared Socioeconomic Pathways 
before closing by connecting that global context back to the severity of the local salinity trend 
shown in the selection. 



 

Figure 10. Grounding Emissions-Scenario Questions in Global Climate Policy 

5.1.4 Governance Boundary (Governance Layer) 

Besides the Human-on-the-Loop (HOTL) philosophy present in all agent interactions 
through the provenance widget and the dashboard, there are also specific situations that 
merit explicit governance precautions. For example, when a user asks a question outside 
the scope of the underlying dataset, the LLM is designed to decline any speculation beyond 
things it can glean directly from the data it has on hand, as seen in Figure 11. 



 

Figure 11. Declining to Extrapolate Beyond the Loaded Region and Time Period 

5.1.5 Demonstration Conclusions 

Taken together, this demonstration illustrates the system functioning as intended across its 
core use cases: data-grounded interpretation for non-technical audiences, citable scientific 
contextualization via RAG, and principled refusal to speculate beyond the verified data snap-
shot. The side-by-side layout of the data panel and chat interface ensures that users can 
cross-reference the agent's numerical claims against the source statistics at every point in 
the conversation, realizing the Human-on-the-Loop governance pattern. 

5.2 Limitations and Future Directions 

The following limitations of the implementation warrant discussion and point toward con-
crete directions for future work. 

5.2.1 Formal Evaluation 

This paper presents a framework and a proof-of-concept implementation; it does not in-
clude a quantitative evaluation of the system's output quality. Designing a meaningful 
benchmark for an LLM-mediated data interface requires domain expertise to construct 
ground-truth questions and verify citation accuracy, work that falls outside the scope of this 
contribution. Existing benchmarks evaluate factual accuracy on domain-specific questions 
in hydrology and water science (Kizilkaya, Sajja, et al., 2025; Xu, Li, et al., 2025; Xu, Wu, et 
al., 2025), but do not assess the class of properties most critical for this architecture. We 
note that a correct evaluation for the current architecture should focus on two properties: 
numerical faithfulness (whether the agent's responses stay within the bounds of the statis-
tics it was given, rather than extrapolating beyond the injected snapshot) and citation accu-
racy (whether claims attributed to retrieved documents are actually supported by the cited 
source pages). Developing and applying such a domain-specific benchmark is the most im-
portant near-term research priority for establishing the trustworthiness of this class of sys-
tem before deployment in real decision-support contexts. 



5.2.2 Dataset Structural Constraints 

The current Access Layer supports CF-compliant datasets with a rectilinear horizontal grid 
and a single vertical level per variable — the shape of the BISECT salinity outputs used in this 
case study. Datasets that diverge from this shape are not currently handled: curvilinear hor-
izontal grids, common in ocean models such as several CMIP6 components, and variables 
carrying an additional vertical dimension, such as pressure-level CMIP6 fields or the multi-
layer groundwater head output of the BISECT model itself. Supporting these datasets would 
instead require treating the vertical level as an explicit, user-specified selection, analogous 
to the existing variable selection. Doing so, however, would place a further manual burden 
on the user and would require thoughtful interface design. We leave multi-level variable sup-
port, and the design needed to keep that added burden manageable, as a direction for future 
work. 

5.2.3 Multi-Dataset and Multi-Scenario Comparison 

The current implementation loads a single NetCDF file at server startup. Many large-scale 
environmental datasets, including BISECT and CMIP6 outputs, are distributed as collections 
of files partitioned by time period or ensemble member, and supporting multi-file loading 
would extend the system's applicability to the full scope of these datasets’ domains. More 
significantly, the system currently presents one scenario at a time. Extending it to load and 
compare multiple scenarios simultaneously (e.g., SSP2-4.5 versus SSP5-8.5) would directly 
address the most common class of stakeholder question: how outcomes differ under mod-
erate versus high emissions. This would substantially strengthen the case for LLM-mediated 
access as a decision support tool. 

5.2.4 Uncertainty Quantification 

The summary statistics provided to the LLM represent a single model run. Meaningful uncer-
tainty communication for climate decision support requires characterizing the spread 
across multiple ensemble members or scenarios, as the differences between projections 
are precisely the information stakeholders need to evaluate risk under alternative futures. 
Future implementations could accept multiple dataset paths, compute inter-ensemble sta-
tistics, and include scenario spread in the injected context block. 

5.2.5 Arbitrary Region Selection 

The current bounding box selection tool produces rectangular geographic extents. Real 
planning boundaries (watersheds, municipal boundaries, flood zones) are rarely rectangu-
lar. Support for arbitrary polygon selection would make the system more directly applicable 
to the administrative and hydrologic units that stakeholders already work with, though it 
would require masked rather than slice-based data extraction operations. 



5.2.6 Data Source Coverage and API Integration 

Beyond the single-file loading constraint, future versions should support direct integration 
with open data services such as the Copernicus Climate Data Store (“Climate Data Store,” 
n.d.), enabling the system to query up-to-date observational and reanalysis products along-
side model outputs. 

5.2.7 Locally Hosted Fine-Tuned Model 

Dependence on a commercial API introduces latency, cost, and data privacy concerns. A 
locally hosted model fine-tuned on hydrology and climate literature would improve perfor-
mance on domain-specific queries (Kizilkaya, Sermet, et al., 2025; Y. Zhang et al., 2025) and 
suitability for deployment in sensitive or low-connectivity contexts. 

5.3 Opportunities 

The four-layer design pattern is not specific to hydrological modeling. Any domain where 
complex model outputs must reach non-specialist decision-makers presents a natural ap-
plication context — only the Access Layer's data formats and the Understanding Layer's doc-
ument library need to be adapted. The following examples illustrate this portability. 

• Public Health and Epidemiology: The Access Layer could interface with real-time 
disease surveillance datasets, enabling an agent to synthesize epidemiological liter-
ature and provide context-sensitive guidance to public health officials and commu-
nity stakeholders on emerging outbreak risks (Kaur & Butt, 2025; Kong et al., 2026). 

• Flood and Extreme Weather Management: For flood forecasting or extreme 
weather monitoring, the Translation Layer could convert technical model outputs into 
plain-language summaries for emergency responders and community decision-mak-
ers, grounding communications in current observational data rather than generic pre-
paredness messaging (Karimanzira et al., 2025). 

• Weather Forecasting and Agriculture: The architecture can be adapted to interface 
with global atmospheric models such as Copernicus seasonal forecast products 
(“Climate Data Store,” n.d.), allowing farmers and agricultural planners to query sea-
sonal projections in plain language. LLM-based agricultural decision support of this 
kind is already an active area of development (Cantonjos & Biswas, 2025; Kandamali 
et al., 2025). 

5.4 Challenges and Open Questions 

Despite the promise demonstrated by our prototype and similar agents in this field, several 
fundamental challenges must be addressed before systems of this kind can be responsibly 
deployed at scale. We pose the following open questions to the AI and environmental sci-
ence research communities. 



• How do non-technical users calibrate trust in AI-generated scientific interpreta-
tions? The Human-on-the-Loop design assumes that users will engage with the prov-
enance display and cross-check the agent's numerical claims against the data panel. 
Whether this assumption holds in practice is an empirical question that needs to be 
studied. LLMs in climate communication show a documented gap between surface 
fluency and epistemological accuracy (Bulian et al., 2023), and users have been 
shown to prefer and trust fluent-sounding responses that repeat their own words 
back to them, even when those responses are unfaithful to the underlying knowledge 
base (Chiesurin et al., 2023). Whether users will engage critically with provenance 
information when responses sound authoritative remains untested. Empirical re-
search on trust calibration, including interface design interventions that promote ap-
propriate skepticism, is needed before these systems can be deployed responsibly 
at scale. 

• Who bears accountability when an LLM-mediated system produces a misleading 
interpretation that influences a policy decision? The field of AI-assisted environ-
mental decision support lacks established norms for liability attribution. LLMs them-
selves cannot be held directly accountable for their outputs — responsibility is dis-
tributed across users, providers, and deployers without established legal frameworks 
to allocate it (Wachter et al., 2024) — and the question of whether responsibility lies 
with the model developer, the deploying agency, or the domain scientist who curated 
the knowledge base is unresolved. 

• Can LLM-mediated data interfaces serve the communities most affected by cli-
mate change? These systems have the potential to democratize access to climate 
knowledge, but they also risk concentrating that access further if use depends on re-
liable internet connectivity, digital literacy, or fluency in high-resource languages. The 
communities most exposed to climate risk are frequently those with the least access 
to the infrastructure these systems require. Ensuring that LLM-mediated data inter-
faces deliver on their democratic promise requires deliberate attention to language 
support, offline capability, and co-design with target communities. 

• How should environmental decision-support systems manage the instability of 
foundation models? The LLMs that power systems like the one described here are 
updated frequently and without notice by their developers. A deployment that be-
haves correctly under one model version may behave differently and dangerously af-
ter an upstream update, even with identical prompts and architecture. This creates a 
new class of maintenance burden for environmental agencies and research groups 
that deploy such systems: continuous re-validation across model versions, and clear 
protocols for suspending a system when its behavior can no longer be verified. The 



field has not yet developed norms or standards for managing this instability in high-
stakes scientific communication contexts. 

• Can LLMs reliably serve as data extractors? The low-autonomy Access Layer de-
sign proposed in this paper (Section 2.1) has a corresponding cost: the user, not the 
system, must specify what data to retrieve — in the current implementation, manu-
ally drawing a bounding box, selecting a time range, and choosing a variable through 
the map interface before any question can be asked (Section 5.1.1). The interactive 
map and form controls reduce this to a small number of direct manipulations rather 
than requiring familiarity with NetCDF dimension names or coordinate systems, but 
it remains a meaningfully different interaction model than posing a question in natu-
ral language and trusting the system to determine the relevant data automatically, an 
issue that becomes more acute as the complexity of the shape of the underlying da-
taset grows. This usability cost is not merely inconvenience: it presumes users can 
translate their question into the system's structured vocabulary — a bounding box, a 
time range, a named variable — a translation step the non-technical audiences this 
system targets might not have. That cost may also not scale evenly across domains: 
a handful of form controls are manageable for a handful of variables across one da-
taset, but could become the dominant friction in a domain with dozens of datasets or 
variables to choose from. An alternative, increasingly explored in comparable sys-
tems, is allowing the LLM to drive data retrieval directly, translating natural language 
queries into structured geospatial operations, which would remove this manual bur-
den and potentially make these systems even more accessible to all audiences. The 
Access Layer failure modes discussed in Section 2.1 make this difficult to achieve 
reliably in practice, but whether advances in model architecture, structured tool-use 
frameworks, or hybrid human-LLM workflows can eventually bring LLM-driven geo-
spatial extraction to a standard of reliability appropriate for scientific decision sup-
port — closing the gap between reliability and the usability cost named above — re-
mains an open question well worth investigating. 

6. Conclusion 

The development of LLM-mediated interfaces for environmental data represents a genuine 
opportunity to close the gap between open scientific datasets and the diverse publics who 
need to act on them. The FAIR data movement has substantially improved data findability, 
interoperability, and accessibility (Wilkinson et al., 2016); the remaining bottleneck is usa-
bility — the ability of non-specialist users to extract and understand decision-relevant infor-
mation from technically demanding archives (Elliott, 2022). The framework and implemen-
tation presented in this paper address this bottleneck directly, using South Florida coastal 
hydrology as a case domain where the stakes (salinity intrusion, groundwater flooding, 



freshwater sustainability under sea-level rise) are both technically complex and immediately 
consequential for community decision-making. 

The four-layer design pattern described in this paper provides a modular blueprint that is not 
specific to the South Florida domain or to hydrological data. Any field in which a data-to-
model-to-policy pipeline exists can instantiate this architecture by adapting the domain-
specific data processing and knowledge base components while preserving the LLM's inter-
pretive role. The central argument of this paper is that doing so responsibly requires treating 
governance not as a downstream addition but as the organizing constraint from which the 
remaining design decisions follow: what data the LLM is given access to, what knowledge it 
can draw on, and how its outputs are presented to users are all, in the end, governance de-
cisions. 

This contribution is best understood as complementary to, rather than competing with, the 
growing body of implemented LLM-mediated environmental systems it draws on. Voice-en-
abled retrieval platforms, GPT-4-powered flood-risk advisories, orchestrated water-re-
sources workflows, and local climate services each demonstrate that LLM-mediated inter-
pretation is feasible for a specific environmental use case; what they do not yet offer is a 
shared vocabulary for comparing the governance implications of their underlying design 
choices. The four-layer pattern developed here is intended to fill that gap as a lens through 
which their design choices, and the tradeoffs those choices carry, can be made explicit, 
compared, and evaluated by the water-resource-management and environmental-decision-
support communities these systems are meant to serve. 

The rapid advancement of foundation models increases pressure to automate more of the 
science communication pipeline from data extraction to interpretation to policy recommen-
dation. While this trajectory offers real efficiency gains, it also raises the risk of progressively 
displacing the human judgment and domain expertise that give scientific communication its 
credibility and accountability. Our experience developing this system suggests that the more 
productive vision is not one in which LLMs replace human experts, but one in which they 
extend the reach of human expertise, making complex scientific data accessible to the 
stakeholders who need it, while keeping domain scientists, water managers, and community 
decision-makers in the roles of interpreter, validator, and final arbiter. The governance mech-
anisms described in this paper are designed with that vision in mind: to make the boundary 
between machine assistance and human judgment explicit, legible, and meaningful to the 
people the system is built to serve. 
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