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Table S 1. Project types naming convention in the NEPATEC 2.0 publication. (Munikoti et al., 2025)
	Project Type

	Agriculture

	Aviation - Airports and Air Traffic

	Aviation - Commercial Space

	Broadband

	Carbon Capture and Sequestration

	Conventional Energy Production - Coal

	Conventional Energy Production - Land-based Oil & Gas

	Conventional Energy Production - Nuclear

	Conventional Energy Production - Offshore Oil and Gas

	Conventional Energy Production - Other

	Conventional Energy Production - Rural Energy

	Data Storage and Data Management

	Ecosystem Management and Restoration

	Electricity Transmission

	Emergency and Disaster Response

	Habitat Conservation Plan

	High Performance Computing and Advanced Computer Hardware and Software

	Land Development - Housing

	Land Development - Other

	Land Development - Urban

	Land Use or Forest Management Plan

	Laws, Policies, Regulations, and Guidance

	Manufacturing

	Military and Defense

	Mining - Marine Minerals

	Mining - Metals

	Mining - Non-Metallic Minerals

	Nuclear Technology

	Other

	Pipelines

	Ports and Waterways

	Public and Recreational Land Use

	Rangeland Management

	Renewable Energy Production - Biomass

	Renewable Energy Production - Energy Storage

	Renewable Energy Production - Geothermal

	Renewable Energy Production - Hydrokinetic

	Renewable Energy Production - Hydropower

	Renewable Energy Production - Other

	Renewable Energy Production - Solar

	Renewable Energy Production - Wind, Offshore

	Renewable Energy Production - Wind, Onshore

	Research and Development

	Routine Maintenance

	Surface Transportation - Bridges

	Surface Transportation - Other

	Surface Transportation - Public Transportation

	Surface Transportation - Railroads

	Threatened and Endangered Species Management

	Utilities (electricity, gas, telecommunications)

	Vegetation and Fuels Management

	Waste Management

	Water Resources - Irrigation and Water Supply

	Water Resources - Other



[bookmark: _Toc236984939]Table S 2. Project Sector naming convention in the NEPATEC 2.0 publication.
	Project Sector

	Agriculture and Natural Resource Management

	Energy Production and Management

	Environmental Policy and Regulation

	Land Development and Urban Planning

	Materials and Manufacturing

	Military, Defense, and Emergency Response

	Miscellaneous and Emerging Technologies

	Technology and Data Management

	Transportation and Infrastructure

	Water and Waste Management





[bookmark: _Toc236984940]Table S 3. 11 overlapping yet comprehensive categories of use of ecology across representative EISs, along with the actual questions posed to the RAG-LLM pipeline to extract the use of ecology.
	Categories
	Actual questions that RAG-LLM sees

	Species lists & databases
	What species occurrence databases, regulatory species lists, consultation tools, and biological effect determinations were used to identify and assess threatened, endangered, and sensitive species?

	Field surveys & protocols
	What field biological surveys, sampling protocols, and detection methods were conducted on ecological and biological resources?

	Wetland delineation
	What wetland identification, inventory, assessment, delineation, and classification tools were used?

	GIS / remote sensing
	What GIS, spatial databases, remote sensing data, land cover datasets, and maps were used for ecological analysis?

	Ecological classification
	What ecological classification systems, ecoregion frameworks, ecological land units, and vegetation classification were used to describe landscapes and ecosystems?

	Habitat designations
	What spatial habitat designation frameworks, critical habitat maps, priority habitat areas, important ecological areas, and conservation geographic units were used to classify and prioritize the physical landscape?

	Habitat / population models
	What habitat and population quantitative models, indices, calculations, and analytical tools were used to describe and predict the potential ecological impacts?

	Prior assessments & plans
	What prior ecological analyses, biological assessments, recovery plans, habitat conservation plans, and land management plans were referenced as ecological data inputs or to establish scope and baseline conditions?

	Agency guidelines
	What federal and state agency guidelines, protocols, technical guidance documents, and regulatory frameworks prescribed the specific methods, thresholds, criteria, or procedures directly applied in the biological resource analysis?

	Water quality / hydrology
	What water quality assessment tools, aquatic monitoring methods, screening, and hydrological baseline data were used and conducted?

	Mitigation & monitoring
	What mitigation tools, habitat restoration methods, compensatory frameworks, permit conditions, stipulations, and long-term ecological monitoring plans were described and recommended for protecting biological resources?
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Table S 4. Definitions of use purposes for an ecological tool or process within an EIS
	Use process
	Definition

	Scoping
	Identifying issues, resources, and stakeholders to study

	Baseline data
	Characterizing existing environmental conditions

	Impact analysis
	Predicting effects of the proposed action

	Alternative analysis
	Comparing different action alternatives

	Cumulative impact
	Assessing combined effects of past/present/future actions

	Mitigation
	Measures to avoid, minimize, or compensate for harm



[bookmark: _Toc236984942]Table S 5. Top 20 most frequently shared uses (percentage) of ecology across 44 FEIS metal mineral projects in Nevada
	Tool name
	Percentage

	ESA Section 7 Consultation (USFWS / NMFS)
	73

	Natural Heritage Database
	61

	Nevada Department of Wildlife
	59

	Groundwater Model
	48

	Wetland Delineation
	48

	Greater Sage-Grouse Plan Amendment (GRSG)
	45

	Habitat Quantification Tool (HQT)
	45

	Reclamation
	45

	USFWS (Federally Listed Species Consultation)
	45

	National Land Cover Database (NLCD)
	43

	Visual Resource Management (VRM)
	43

	Web Soil Survey (NRCS)
	43

	Reclamation Plan
	41

	Conservation Credit System (CCS)
	39

	GIS (Geographic Information System)
	39

	Nevada Conservation Credit System (CCS)
	39

	BLM Sensitive Species List
	36

	Cumulative Effects Study Areas (CESAs)
	36

	Meteoric Water Mobility Procedure (MWMP)
	36

	Nevada Administrative Code (NAC)
	36
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Table S 6. Shared ecological tools and processes across 10 selected FEISs for the environmental planner study case
	Tool name
	Percentage

	ESA Section 7 Consultation (USFWS / NMFS)
	90

	Essential Fish Habitat (EFH) Assessment
	80

	Biological Assessment (BA)
	60

	Biological Opinion (BiOp)
	60

	Fish and Wildlife Coordination Act Report (FWCAR)
	60

	Long-Term Ecological Monitoring Plan
	50

	Restoration
	50

	Critical Habitat (Endangered Species Act)
	40

	GIS (Geographic Information System)
	40

	Habitat Areas of Particular Concern (HAPC)
	40

	National Land Cover Database (NLCD)
	40

	Total Maximum Daily Loads (TMDLs)
	40

	Water Quality Standards (Federal and State)
	40

	Best Management Practices (BMPs)
	30

	Classification of Wetlands and Deepwater Habitats of the United States (Cowardin et al. 1979)
	30

	Habitat Equivalency Analysis (HEA)
	30

	Habitat Mapping
	30

	Inflow and Overflow Screening
	30

	Inland Testing Manual
	30

	Magnuson-Stevens Fishery Conservation and Management Act
	30

	Maps
	30

	Marine Mammal Protection Act (MMPA)
	30

	Natural Heritage Database
	30

	Seagrass Surveys
	30

	Section 404(b)(1) Evaluation
	30

	Sediment sampling
	30

	Turbidity Monitoring
	30

	USFWS (Federally Listed Species Consultation)
	30

	Wetland Delineation
	30

	1D Sedimentation Model (HEC-6T)
	20

	Artificial Reef Construction
	20

	Beneficial Use of Dredged Material
	20

	CEQ NEPA Implementing Regulations (40 CFR 1500-1508)
	20

	Charleston Harbor Project Special Area Management Plan (SAMP)
	20

	Coastal Wetlands Planning, Protection and Restoration Act (CWPPRA)
	20

	Column Settling Tests
	20

	Compensatory Mitigation Plan (CMP)
	20

	Dredged Material Management Plan (DMMP)
	20

	Endangered Species Act (ESA)
	20

	Engineer Circular (EC) 1165-2-217
	20

	Environmental Impact Statement (EIS)
	20

	Environmental Protection Plan (EPP)
	20

	Field Surveys
	20

	Florida Land Use, Cover, and Forms Classification System (FLUCCS)
	20

	Geographic Information Systems (GIS) Data
	20

	Habitat Units (HUs)
	20

	Hardbottom Habitat Classification
	20

	Hydrodynamic model
	20

	Incidental Harassment Authorization (IHA)
	20

	Invasive Species Management Plan
	20

	Marine Protection, Research, and Sanctuaries Act (MPRSA) Section 103
	20

	Mitigation Bank
	20

	Mitigation Bank Credits
	20

	Mitigation Monitoring and Adaptive Management Plan
	20

	Mitigation Plan
	20

	NOAA Marine Mammal Sound Threshold Guidelines
	20

	NOAA Technical Memorandum
	20

	National Environmental Policy Act (NEPA)
	20

	National Wetland Inventory (NWI)
	20

	Permit Conditions (USACE Permit)
	20

	Protected Species Surveys
	20

	Recovery Plan (FWS)
	20

	Relocation Trawling
	20

	South Atlantic Fishery Management Council (SAFMC) Habitat Plan
	20

	South Carolina Estuarine and Coastal Assessment Program (SCECAP)
	20

	Technical Guidance for Assessing the Effects of Anthropogenic Sound on Marine Mammal Hearing
	20

	USGS (U.S. Geological Survey)
	20

	USGS Aerial Photography
	20

	Uniform Mitigation Assessment Method (UMAM)
	20

	Upland Testing Manual (UTM)
	20

	Water Quality Certification (Section 401 of CWA)
	20

	Water Quality and Sediment Evaluation Report (Appendix C)
	20

	Web Soil Survey (NRCS)
	20

	Wetland Value Assessment (WVA)
	20

	Wetland Value Assessment (WVA) Methodology
	20



[bookmark: _Toc236984945]

Text S 1. Detailed description of RAG-LLM pipeline
Acronym expansion, hierarchical indexing, and embedding as a vector database
[bookmark: OLE_LINK1]NEPA documents contain technical, acronym-dense writing, so during the context retrieval phase, the mismatch between the user question and texts narrated with acronyms only, without full names, may reduce the semantic match of the returned contexts (Alier et al., 2026). Also, the embedding retriever, if not well-tuned, may find acronyms unrelated to their long-form names (e.g., EFH and Essential Fish Habitat). To minimize this semantic mismatch and knowledge gap, we employed an adapted acronym ontology method (Alier et al., 2026), in which we extracted defined acronym pairs from the original document and expanded in-text acronyms with their full names in parentheses. The two-tiered method creates a dictionary from: 1) a glossary section, if found, and 2) the first inline mention of the acronym on every page. With the project-specific dictionary built, the in-text acronyms were expanded in the original documents. 
Context retrieval also benefits from accuracy gains through hierarchical indexing, in which the original full texts are indexed and nested at the sentence, paragraph, section, and document levels. We adapted the KohakuRAG implementation (Yeh et al., 2026) to the NEPATEC JSON document metadata formats and varied writing conventions. In particular, when regex-based section and paragraph matching failed due to flattened text, pseudo-sections were created. Tables usually contain relevant use of ecology but are frequently split across pages, which makes complete context retrieval difficult. Therefore, we implemented table-aware indexing to preserve tables in the JSON files as much as possible and embed them intact. In-text citations are important for downstream answering phrases and are preserved without splitting during indexing. Furthermore, page number and source document metadata are crucial for LLM traceability, so every index was appended with this metadata and carried downstream.
The embedding model was Cohere Embed v4 (dimension=1536) in the US-east-1 region, employed via the Amazon AWS Bedrock service for its multimodal capabilities, high-dimensional vector representation, and cost-effectiveness. The embedder converted sentences into embedded sentences and parents into the arithmetic means of the children, which constituted nodes. The embedded nodes, along with text metadata, were output as a project-specific vector database.
Building the BM25 keyword and reference index
Retrieval accuracy can be marginally improved by pairing semantic retrieval with keyword retrieval. By adapting the KohakuRAG pipeline, we created a complementary project-specific BM25 keyword index by converting sentences and paragraphs from the indexed text database. During the retrieval phase, the indexed texts that match the user’s question (via negative log-likelihood with multi-word phrase matching) were returned. On the other hand, the reference index was another independent system that stored project-specific full references for in-text citations. The reference-building pipeline detected potential bibliography sections in the project and ran multiple phases to clean the entries. During the LLM answering phase, the reference linker attempted to link the in-text citation to the full bibliography at the end of the document using author and year tokens.
Retrieval specification and prompting strategy
Adapted from the KohakuRAG pipeline, the query was reinterpreted by an LLM (mistral.ministral-3-14b-instruct via Amazon AWS Bedrock) twice, so the same question was posted to the retriever three times to gather combined, semantically matched contexts, which is known to increase answer accuracy. The multi-query planner was optimized for NEPA-specific, exhaustive extraction of the use of ecology and was described in the following Table. 
Table. Query planning prompt
	Multi-query planner system prompt

	You are a search query expansion engine for NEPA environmental documents.
Given a question about ecological tools, methods, or frameworks used in
an Environmental Impact Statement, you produce targeted retrieval queries.

Rules:
- Do NOT repeat the original question.
- Return ONLY the expansion queries using concrete technical vocabulary.
- CRITICAL: Do NOT enumerate or name ANY specific tools, databases, software,
  agencies, or programs (e.g. do NOT write "such as X", "including X, Y, Z",
  "e.g. X"). If the question does not name them, your query must not name them.
- Each expansion must be a single natural English phrase that rephrases or
  narrows the concept using different vocabulary — not a list of examples.
- Do NOT use markdown formatting (no **bold**, no backticks, no headers).
- Do NOT use boolean operators (AND, OR, NOT); write natural phrase queries.
- Output strict JSON: "queries": ["expansion query 1", "expansion query 2"]

Example (WRONG — invents specific names):
  "species occurrence databases including GBIF, iNaturalist, and NatureServe used in NEPA compliance"
Example (CORRECT — concept-level paraphrase):
  "species occurrence records and distribution data used to identify threatened and sensitive species in an environmental review

	Example:
[Query 1 — original]
  What species occurrence databases, regulatory species lists, consultation tools, and biological effect determinations were used to identify and assess threatened, endangered, and sensitive species?

[Query 2 — expansion 1]
  taxonomic and geographic distribution datasets combined with regulatory listings to screen for protected and at-risk species in environmental assessments

[Query 3 — expansion 2]
  biological assessment methodologies and agency consultation protocols applied to evaluate species vulnerability and legal status under endangered species frameworks



For each query, the vector database was searched for sentence- and paragraph-level matches, and the top results from the multi-query (dense retrieval) were combined and deduplicated. Furthermore, the original question was also searched as keywords in the BM25 index, and any new context matches that were previously undiscovered were appended alongside the dense retrieval. Importantly, rather than the KohakuRAG default frequency-based reranking, the retrieved contexts were reranked using a cross-encoder that sorted context chunks by their semantic relevance to the original query (cohere.rerank-v3-5:0, available via Amazon AWS Bedrock services), thereby improving answer accuracy (Asai et al., 2026). Now, with the finalized, most relevant contexts, many were sentence-level matches that were short and lacked surrounding context. Therefore, we implemented a kind-aware bundling context expansion to better fit the NEPATEC texts, unlike the original proposal in KohakuRAG. Specifically, the paragraph parent that contains the sentence match was bundled as a pair of context snippets; a paragraph match is not bundled to its parent because the parsed sections vary in length. Some context expansion introduces overlapping paragraphs, so snippets are further deduplicated, as the same paragraphs don't contribute additional information for answering.
LLM answering phase specification and prompting strategy
The Mistral large language model (mistral.ministral-3-14b-instruct via Amazon AWS Bedrock) was used in the answering phase of the pipeline. Because the LLM was tasked with extracting uses of ecology exhaustively for each question and project, we conducted tests to ensure the token budget was set correctly (at least 32000 tokens were reserved for the LLM's answer) to minimize context and answer truncation. For each question, the LLM was provided with the prompt described in the following Table. 
Table. LLM answering phase prompt
	You are an environmental document analyst specializing in NEPA (National
Environmental Policy Act) Environmental Impact Statements.

Given context snippets from a specific NEPA document, identify tools, methods, frameworks, models, documents mentioned that help assess ecological and biological resources.

Rules:
- Answer strictly based on the provided context.
- Only extract items that DIRECTLY and SPECIFICALLY answer the question.
  If a document or method is mentioned in passing but does not address
  what the question asks, do NOT extract it.
- DO NOT extract tools, documents, or frameworks that are primarily
  geological, engineering, hydrological, anthropological, cultural, or
  archaeological in nature.
- If the context does not clearly identify a tool/method, output "is_blank"
  for all fields.
- Keep each tool's `explanation` concise (≤150 words) and `quote_verbatim`
  short (≤100 words).  Do not pad — brevity prevents response truncation.
- Return valid JSON only.  No prose before or after the JSON array.

	Question: insert the use of ecology question

Context:
insert the ranked context snippets

Identify tools, methods, frameworks, models, or documents mentioned in the context that
directly and specifically answer the question.  Only include items whose primary
purpose addresses what the question asks — skip items mentioned in passing or in
unrelated discussions.  For EACH tool found, provide:

1. tool_name        – Name of the tool/method/framework/document (≤25 words)
2. explanation      – How the tool is used in the context of the project (≤150 words)
3. quote_verbatim   – Best short verbatim quote from the text naming or
                      describing the tool (≤100 words)

4. citation_keys    – List any parenthesized in-text citations (Author Year)
                      that appear in the context snippets near this tool's
                      description.  Examples: ["Provencher et al. 2017",
                      "BLM 2015a"].  If no citations appear near the tool,
                      return an empty list [].
5. use_process      – Which NEPA process stage(s) does this tool usage fall
                      under?  Pick ONE OR MORE from:
                      "scoping" = identifying issues, resources, and stakeholders to study,
                      "baseline_data" = characterizing existing environmental conditions,
                      "impact_analysis" = predicting effects of the proposed action,
                      "alternative_analysis" = comparing different action alternatives,
                      "cumulative_impact" = assessing combined effects of past/present/future actions,
                      "mitigation" = measures to avoid, minimize, or compensate for harm.
                      If the context does not indicate a clear stage, return ["uncertain"].
                      Return as a JSON list, e.g. ["baseline_data",
                      "impact_analysis"].

Return a STRICT JSON **array**.  Each element has keys:
  tool_name, explanation, quote_verbatim, citation_keys, use_process

If multiple tools found, return an array with multiple elements.
If no tool found, return:
  "tool_name":"is_blank","explanation":"is_blank","quote_verbatim":"is_blank","citation_keys":[],"use_process":["uncertain"]]



The LLM was tasked with describing uses of ecology (or an ecological tool/process), specifically the tool/process name, the use explanation, the tool’s verbatim quote from the original text, nearby in-text citations, and use purpose classification in a NEPA EIS. In particular, the use purpose (scoping, baseline data, impact analysis, alternative analysis, cumulative impact, mitigation) was defined in detail in the prompt in the Table above.
To ensure the verifiability of the verbatim quote that the LLM claims, we implemented a quote grounding strategy in which we compared the LLM-claimed quote with the retrieved context snippets, assigned cascading grounding status (exact quote, anchoring phrases, tool name match, unverifiable), and retrieved the truthful original text verbatim. Importantly, we designed the metadata, such as page number and document name, to match the original quote, so a reader can verify it by visiting the original JSON project or the original government file. Note that since the acronyms were expanded in text, the quote may not be directly searchable. Similarly, RAG-LLM could only make a claim about the in-text citation, not the full bibliography located outside the context. We implemented a four-step reference linker to retrieve the full citation, if it exists, as a best effort. Specifically, at Tier 1, the linker took the LLM-extracted in-text citation key and retrieved it against the reference database using the “Author Year” format. At Tier 2, the linker searched for citations on the nearby page in the source document using anchor phrases. At Tier 3, the linker used an ecological tool's seed phrase to run a BM25 search on the reference database. At Tier 4, the linker asked the LLM to select a citation from the unresolved citation list. With the reference linker, readers can expedite access to the original cited literature for an ecological tool/process without revisiting the original document. Despite this reference linkage as a best effort, some uses of ecology in the text were not cited, and citations in the bibliography sections were unconventionally formatted by the original author. In addition, NEPATEC formatting constraints limited the number of successful reference extractions.
The output was designed to be a compilation of the use of ecology. For each FEIS project, 11 ecological tool extraction questions were requested of the RAG-LLM pipeline, and each question may return any number of ecological tools/processes, depending on how richly the tool/process category is recorded in the original document. A few diagnostic columns were output along with the tool/process extraction. See the following Table for the expected output format.
Table. Salient column variables in the raw tool/process extraction output file.
	Columns
	Notes

	Unique_question_id
	EISXXXXX

	Question_id
	1 through 11

	Question
	Tool extraction question

	Is_blank
	TRUE/FALSE

	Project_file_name
	EIS_XXXX_..._FEIS_filtered.json

	Answer_predicted_tool_name
	<= 25 words

	Answer_predicted_explanation
	<= 150 words

	Answer_use_process
	scoping, baseline_data, impact_analysis, alternative_analysis, cumulative_impact, mitigation, or uncertain

	Answer_quote_verbatim
	<= 100 words with appended document metadata:
[document_ID: …; section_or_volume_title: …; page number: …]

	Answer_full_reference_verbatim
	A string of text

	Quote_grounding_score
	0.0-1.0

	Quote_grounding_status
	Exact, anchor, extracted, unverified

	Reference_linked
	TRUE/FALSE

	Was_truncated
	Was the LLM answers truncated; TRUE/FALSE

	Snippet_dropped
	A number



This is the end of the Supplementary Text S1



[bookmark: _Toc236984946]Text S 2. RAG-LLM pipeline benchmarking
The existing RAG-LLM paradigm primarily focuses on improving the accuracy of question-answer pairs, where the question is specifically framed around a single idea and the answer is locatable in a single location (whether a sentence or a paragraph) in the original text in a file (Lewis et al., 2020). Under this paradigm, RAG-LLM evaluation schemes primarily target question-answer pairs, such as the RAGAS metric (Es et al., 2024) and answer accuracy, which assess both answer precision and recall. However, our ecological tool/process extraction questions were intentionally broad and keyword-agnostic, and the answers could be located in multiple locations across the documents. Further, we asked the LLM to evaluate which texts described an ecological tool/process and which did not, from a rather large context, and to draw a boundary around a tool/process name that was intentionally defined vaguely in the question. This process created answers that were meaningfully subjective and instrumental for the research purpose. However, this type of question-answer pair created challenges in directly evaluating accuracy, and existing evaluative frameworks were not perfect fits. Nevertheless, our NEPA-ecology RAG-LLM pipeline was adapted from a generic system and optimized for functionality to improve accuracy across use cases (such as acronym expansion, multi-query, hierarchical indexing, reranking, context expansion, etc.), and the tailored RAG-LLM could still be tested using standard evaluative metrics.
We benchmarked the ability of our RAG-LLM core pipeline to answer generic NEPA-domain questions correctly using an adapted MAPLE evaluation framework (Meyur et al., 2025) and RAGAS metrics, namely answer similarity and answer correctness. Specifically, the PermitAI team that created the NEPATEC database published a manually verified set of question-answer pairs (NEPAQUAD) (Chaturvedi et al., 2025; Meyur et al., 2025; Phan et al., 2025) categorized by question type, ranging from closed questions with clear answers to process-based questions that are more evaluative and analogous to our use of ecology extraction questions. Therefore, we tested our generalized RAG-LLM system by running 200 of the NEPAQUAD questions (about a 20% random subset) across question types to produce answers. Then, we evaluated answer similarity and correctness against the published expected true answers using the MAPLE evaluation framework. Furthermore, we tested our system on the process-only questions that best mimic our use of ecology extraction questions and evaluated performance. Our goal was to achieve answer accuracy similar to that of the PermitAI team, which published the NEPATEC 2.0 database and other derived user functions (Meyur et al., 2025). Specifically, PermitAI’s RAG-LLM system, as of the time of publication, had an overall answer correctness of 72.88%. For process-based questions, their answer correctness was 58.33% (Meyur et al., 2025). Nevertheless, we believe our NEPA use of ecology extraction accuracy can be better assessed by answer similarity rather than answer correctness, which we also used to score our system. During the evaluation process, the embedding model was the local BGE large (bge-large-en-v1.5), and the LLM model was Anthropic’s Claude Haiku 4.5 (us.anthropic.claude-haiku-4-5-20251001-v1:0) accessed via the Amazon AWS Bedrock service. The benchmarking scripts with input and output files are accessible at the Dryad repository.
We made a few adjustments to our specialized RAG-LLM pipeline to align with the configuration of the MAPLE evaluative framework. First, we reduced the number of context snippets used for answering to support single question-answer pairs. We then modified the answering prompt to allow the LLM to reason about all types of questions without specialization. We also narrowed the answer requirement to produce a single answer. The evaluation framework is sensitive to answer precision and recall, so closed-type answers need to be rigorously normalized to ensure each answer is either “yes” or “no,” and open-type questions need to be succinctly answered in one sentence.
Our benchmarking results show that our RAG-LLM pipeline achieved similar answer-accuracy performance to the published pipeline under the Mistral LLM model (Meyur et al., 2025). With the 200 random questions set, we achieved 86.3% answer similarity and 73.1% answer accuracy, similar to the 72.88% answer accuracy of the published pipeline for the NEPATEC database. At the same time, for the process-based questions (n=71), our specialized RAG-LLM pipeline achieved 81.4% in answer similarity and 59.6% in answer accuracy, which is higher than the published pipeline with an answer accuracy of 58.33%. The comparable answer accuracy between our pipeline and the published pipeline laid the foundation for our level of confidence in interpreting the answers compared to the established expectations in the field.

This is the end of the Supplementary Text 2
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Text S 3. Prompt for omission analysis
“Check for the omission of the use of five ecological tools in the SilverPeak.pdf document. Refer to the NV_mining_tool_names_and_variations.txt for the canonical tool names and their name variations. Moreover, check the functionally equivalent alternative tools that exist in the document to avoid misclassifying reasonable tool substitutions as analytical omissions. For each tool, cite the pdf page and a short quote of the tool match from the original text.”

[bookmark: _Toc236984948]Text S 4. Quotes from the original document that aid legal omission analysis.
1. GIS (Geographic Information System)
Resource Mapping: "Figure 3-23. SWReGAP vegetation communities in the Project Area."
Spatial Buffer Analysis (p. 3-33): " The proposed expansion is not anticipated to impact roosting resources within 0.25 mile of the Project, the Nevada BLM standard spatial buffer for mine workings (BLM 2014)."
Buffer Mapping (p. 3-23): "the rest of the 1-mile buffer area were mapped. Most occurrences of halogeton were observed along road berms (SWCA 2023a)."
Interpretation: Although the acronym "GIS" does not appear outside citations, the document employs standard GIS operations (spatial analysis, mapping, buffering). This represents functional use of GIS methodology rather than an omission.
2. Groundwater Model
Water Balance Simulation (p. 3-18): "In a water balance simulation using annual production rates at the SPLO from 1966 through 2019, the outcomes showed that the inflow and outflow rates with SPLO production are in the same order of magnitude as the pre-extraction (Rush 1968) water balance estimates (SRK 2021)."
Historical Reconnaissance Approach (p. 3-16): "the perennial yield … was established based on the findings of a USGS water reconnaissance study in 1968 (Rush 1968)."
Analysis Basis (p. 3-18): "This analysis is informed by historical documentation of the hydrology of the Clayton Valley Hydrographic Basin (143), the SPLO's current operational uses, and field documentation of water features…"
3. National Land Cover Database (NLCD)
SWReGAP Vegetation Classification (p. 3-57): "This community is described by the Southwest Regional Gap Analysis Project (SWReGAP) as barren or sparsely (less than 10%) vegetated playas, having salt crusts throughout and shrubs occurring in playa margins…"
Land Cover Data Source (p. 3-57): "ecological site description data were collected for the Project between 2018 and 2020 using SWReGAP land cover data (USGS 2005)."
4. Natural Heritage Database
Nevada Division of Natural Heritage (p. 3-57): "…and Nevada Division of Natural Heritage (2020) species data. Field surveys identified a total of three common plant species (iodine bush, horned seablite, and fourwing saltbush .."
5. Web Soil Survey (NRCS)
NRCS Web Soil Survey (p. 3-53): "According to the Natural Resources Conservation Service (NRCS) Web Soil Survey (NRCS 2019), approximately 95% of the APO is composed of miscellaneous water (45%), playas (42%), and the Gynelle-Oricto association, warm (8%)."
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