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Abstract: The adaptation of Large Language Models (LLMs) to agriculture
and water resource management is an emerging field whose fine-tuning
strategies and dataset curation practices remain methodologically
heterogeneous, with direct implications for Sustainable Development Goals
2, 6, and 13. This scoping review maps the extent, range, and nature of the
available literature, identifies dominant models and datasets, and
characterises research gaps. Sources of evidence were included if they
reported on Large Language Models, foundation models, or transformer-
based architectures with an explicit domain-adaptation methodology in
agriculture, water resources, hydrology, or irrigation, and described at least
one fine-tuning or dataset curation action. A structured search across
Scopus, IEEE Xplore, ACM Digital Library, SCiELO, and ScienceDirect,
with supplementary searches in Nature, MDPI, OpenReview, ACL
Anthology, and Frontiers, covered publications from January 2020 to
October 2025. Following the methodological framework of Arksey and
O’Malley and the PRISMA-SCR reporting guidance, two reviewers
independently charted bibliographic metadata, primary domain, Al
architecture, adaptation strategy, data strategy, and application focus from
the full extracted record of each included source. From 244 compiled
records, 91 duplicates and 2 non-verifiable records were removed, yielding
151 verified sources with DOI or stable URL. The LLM/RAG era proper
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begins in mid- to late 2023, with 76.3% of dated sources published in 2024—
2025. Open-source Llama-3 and Mistral families are the most frequently
named fine-tuned backbones, while GPT-4 dominates evaluation and hybrid
RAG architectures, and dedicated benchmarks and curated datasets signal
a methodological shift from model-centric to data-centric approaches. The
mapped literature points to dataset quality and domain-specific curation as
central engineering concerns for the effective and trustworthy deployment of
LLMs in agro-hydrological contexts.

Keywords: Agricultural Al; Dataset Curation; Domain Adaptation; Fine-
Tuning; Large Language Models; Scoping Review; Sustainable
Development; Water Resource Management.

Introduction

The adaptation of Large Language Models (LLMs) to domain-specific applications,
particularly agriculture and water resource management, represents one of the most
rapidly evolving frontiers in Artificial Intelligence (Al) and Natural Language
Processing (NLP). Recent reviews confirm both the breadth and the velocity of this
expansion [1,2]. Fine-tuning, defined as the process of adjusting pre-trained models
to perform more effectively in targeted domains, has emerged as a critical strategy
for overcoming the limitations of general-purpose models in specialised,
knowledge-intensive contexts [1]. The effective deployment of these approaches
depends critically on the quality and structure of the underlying training datasets, a
dimension that has received comparatively less systematic attention in the agro-
hydrological literature.

The alignment of Al technologies with sustainability imperatives has acquired
strategic importance in recent years. LLMs applied to agro-hydrological contexts
can directly advance the United Nations Sustainable Development Goals (SDGSs),
particularly SDG 2 (Zero Hunger), SDG 6 (Clean Water and Sanitation), and SDG
13 (Climate Action), by enabling more precise, evidence-based, and locally
informed decision support for farmers, water managers, and policy-makers [3,4].
Realising this potential, however, requires overcoming persistent technical barriers
associated with domain specificity, data quality, and computational resources.

LLMs have established themselves as leading architectures in Al due to their

capacity to learn complex language representations from large corpora and to
generalise knowledge across tasks [5]. These models offer substantial potential for
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decision support, technical documentation analysis, and cognitive automation in
specialised fields, with a growing range of dedicated agro-water systems
demonstrating the value of domain-specific adaptation [1,6]. Nevertheless, when
general-purpose LLMs are deployed directly in technically demanding
environments such as agriculture or water resource management, they exhibit
significant capability constraints attributable to domain-specific terminology,
localised datasets, and contextualised knowledge requirements [7].

These limitations manifest in three principal forms. First, there is systematic
underrepresentation of specialised knowledge in pre-training corpora: LLMs trained
on generalist text collections exhibit gaps in technical terminologies, sectoral
regulations, and approaches specific to engineering, agronomy, and water
management, producing linguistically fluent but conceptually imprecise responses
[5,6]. Second, pre-trained models demonstrate limited capacity for processing
contextualised and localised information, particularly with respect to geographical,
climatic, regulatory, or cultural variables [1]. Third, LLMs are susceptible to
hallucination—the generation of false or unreliable information presented with high
linguistic confidence—a problem exacerbated in specialised domains where internal
verification mechanisms are weak and reliable structured knowledge is sparse [8,9].
Ensuring causability and explainability of Al outputs is therefore essential for their
acceptance in scientific and operational contexts [10,11].

Dataset curation encompasses systematic processes of selection, purification,
annotation, validation, and balancing, carried out to ensure relevance, consistency,
and representativeness. In agro-hydrological scenarios, this task is uniquely
challenging given the multidimensionality of the data—integrating climatic,
edaphological, productive, and socioeconomic variables—and the necessity of
incorporating localised territorial knowledge and practices [12]. Initiatives in
agricultural named-entity recognition, multilingual advisory corpora, and national-
scale agricultural training datasets illustrate the emerging emphasis on dedicated
agricultural corpora. Poor curation can introduce biases, reduce model
interpretability, and restrict practical applicability [13,14].

Parameter-efficient fine-tuning (PEFT) strategies, particularly Low-Rank
Adaptation (LoRA) [15] and its quantised variant QLORA, have emerged as
effective mechanisms for adapting general-purpose LLMs to agro-water domains at
manageable computational cost. Recent evaluations of LoRA in environmental,
multilingual agricultural [16], and clinical-prognostic [18] contexts confirm
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performance comparable to full fine-tuning at reduced computational cost.
Retrieval-Augmented Generation (RAG) has further shown promise for mitigating
hallucinations and enhancing factual consistency by integrating structured external
knowledge bases into the generation process [17].

Despite these advances, the literature remains methodologically fragmented, tending
to highlight specific applications or model evaluations rather than systematically
mapping how fine-tuning strategies and dataset curation decisions interact to shape
model performance in agriculture and water resource management [2,6]. EXxisting
reviews have addressed adjacent topics—generic PEFT methods, foundation models
in agriculture [6], or hydrology-specific benchmarks—but no prior scoping review
has explicitly mapped the intersection of fine-tuning and dataset curation practices
within the agro-water domain using the methodological framework of Arksey and
O’Malley [30] as refined by Levac et al. [31] and reported in accordance with the
PRISMA Extension for Scoping Reviews (PRISMA-ScR) [28].

1.1. Conceptual Definitions

To resolve terminological ambiguity in the literature, this scoping review adopts the
following operational definitions. A Large Language Model (LLM) is defined as a
transformer-based model trained on extensive text corpora and capable of
generalising knowledge across natural-language tasks; representative families
include the GPT, Llama, Mistral and DeepSeek series. A foundation model, more
broadly, refers to a large-scale model trained on broad data and adaptable to a wide
range of downstream tasks. Agricultural artificial intelligence is understood as the
application of Al methodologies to the agricultural domain, including but not limited
to LLM-based systems. The agro-water domain is defined as the joint area
encompassing agriculture, water resources, hydrology, irrigation, and related
practices that link agricultural production to water management. The present scoping
review addresses LLM and foundation-model adaptation and dataset curation for
LLMs in the agro-water domain; it does not address classical machine-learning
approaches that lack a Large Language Model or transformer-based domain-
adaptation component.

1.2. Research Question and Objectives

This scoping review aims to map the extent, range, and nature of the current
scientific literature on fine-tuning and data curation practices for Large Language
Models applied to agro-water applications, following the established purposes of
scoping reviews [30,31]. The objectives are: (i) to identify the extent and nature of
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the available LLM-focused literature; (ii) to characterise the dominant models,
datasets, fine-tuning techniques, and reported obstacles; (iii) to clarify key
methodological concepts in the field; and (iv) to identify research gaps to guide
future systematic reviews and primary investigation. The central research question
is: What is the extent, range, and nature of the literature reporting fine-tuning
strategies and dataset curation practices for Large Language Models applied to
agriculture and water resource management?

Materials and Methods

2.1. Protocol and Reporting Framework

This scoping review was conducted following the methodological framework
proposed by Arksey and O’Malley [30] and refined by Levac et al. [31], and is
reported in accordance with the PRISMA Extension for Scoping Reviews
(PRISMA-ScR) [28]. A scoping review was selected as the appropriate review type
because the research question requires mapping the extent, range, and nature of an
emerging and methodologically heterogeneous body of evidence, rather than
synthesising effect estimates or grading evidence strength [29]. The PRISMA-ScR
framework explicitly supports the present approach to data charting at the source
level using the full extracted record (title, abstract, stated objectives, methods,
dataset description, and reported findings), with transparent coding of dimensions
[28]. Consistent with PRISMA-ScR guidance, a six-domain methodological
characterisation of each included source was undertaken as an optional, descriptive
step (Section 2.6) to characterise the maturity of the field rather than to grade
evidence strength. The completed PRISMA-ScR checklist is provided as
Supplementary Table S1. The protocol was defined a priori and is reported in full in
Sections 2.2-2.7; it was not prospectively registered, as PROSPERO does not accept
scoping review protocols.

2.2. Eligibility Criteria

Sources of evidence were included if they met all of the following six criteria, all of

which require an explicit Large Language Model or transformer-based domain-

adaptation component:

* Domain: Agriculture, water resources, hydrology, irrigation, soil moisture, or
agricultural water management.

* Al type: Large Language Model, foundation model, transformer-based architecture
with explicit domain-adaptation methodology, or multimodal vision-language
model incorporating an LLM component.
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» Technical intervention: Explicit report on fine-tuning (LORA, QLORA, instruction
tuning, supervised fine-tuning, adapters) or domain-adaptation protocol;
alternatively, dataset construction or benchmarking explicitly designed for LLM
evaluation in the domain.

» Data strategy: Description of at least one data preparation or curation action
(cleaning, filtering, annotation, synthesis, balancing, noise control, or
benchmarking).

* Performance reporting: Quantitative results following tuning or benchmark
evaluation, or explicit dataset characterisation with reproducibility documentation.

» Document type: Peer-reviewed journal article, conference paper, preprint with
explicit methodology, or dataset/benchmark with clear evaluation protocol.

Sources of evidence were excluded if they: (i) addressed domains outside
agriculture, hydrology, or water resource management without direct application to
these areas; (ii) employed only classical machine-learning architectures (e.g.,
standalone CNN, LSTM, isolation forests, or remote-sensing-only studies) without
an LLM, foundation model, or transformer-based domain-adaptation component;
(iii) did not report data preparation or fine-tuning/adaptation techniques; or (iv) were
purely opinion pieces or editorials without methodological content. This strict LLM-
focused exclusion criterion explicitly addresses the conceptual-scope ambiguity
identified in earlier reviews of the agro-water Al literature.

2.3. Information Sources and Search Strategy

The structured search was initiated in early 2025 and subsequently updated, with the
most recent search executed in October 2025, across five primary electronic
databases—Scopus, IEEE Xplore, ACM Digital Library, ScienceDirect, and
SciELO—covering publications from 1 January 2020 to 31 October 2025. A small
number of methodological references that postdate this window—notably the
reporting-guideline statements—are cited solely for methodological reasons and do
not form part of the searched corpus. Supplementary searches were performed in
Nature, MDPI, OpenReview, ACL Anthology, and Frontiers to ensure coverage of
preprint and open-access venues where LLM research is frequently disseminated
first. The search strings combined three semantic blocks using Boolean operators
(AND between blocks; OR within blocks):

» Domain: agriculture OR farming OR crop* OR irrigation OR “water resources”
OR hydrology.
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* Data approach: “data quality” OR curation OR preprocessing OR labeling OR
annotation OR benchmark OR dataset.

* Model adaptation: “fine-tuning” OR “parameter-efficient” OR LoRA OR “prompt
tuning” OR RAG OR “domain adaptation” OR “large language model*” OR
LLM*.

Searches were conducted in title, abstract and keyword fields for Scopus (TITLE-
ABS-KEY), in All Metadata for IEEE Xplore Command Search, in title-abstract-
keywords for ACM Digital Library and ScienceDirect, and in subject area / title /
abstract for SciELO. Filters applied were: year (2020-2025); language (English,
with Spanish-language and Portuguese-language records retained from SciELO);
and document type (research articles, conference proceedings, and dedicated
preprint venues). The complete search strings as executed in each database are
provided as Supplementary Table S2. Reference lists of included sources and
relevant prior reviews were hand-searched to identify additional eligible records.

2.4. Selection of Sources of Evidence

Records compiled from all databases were exported in RIS format and imported into
Rayyan QCRI for deduplication and Mendeley for reference management. The
records compiled and imported into Rayyan from the database and supplementary
searches totalled 244 (the full export is provided as Supplementary Table S4).
Automated and manual de-duplication removed 91 records, leaving 153 unigque
records. During eligibility and verifiability assessment, every record was checked
for a stable identifier (DOI or persistent URL) and for genuine, in-scope existence;
two further records were removed at this stage (one duplicate of an already-included
study and one entry for which no real indexed publication could be confirmed). All
151 retained sources carry a DOI or stable URL. The final corpus comprises 151
verified sources, each with a stable identifier (Supplementary Table S4).
Disagreements at each stage were resolved by consensus and, when consensus could
not be reached, by consultation with a third reviewer. Critically, the reviewers
retained only sources in which the central methodological contribution involved an
LLM, a foundation model, a transformer-based domain-adaptation architecture, or a
dataset/benchmark explicitly designed for LLM evaluation; sources reporting only
CNN, LSTM, or other classical ML/DL methods without an LLM component were
excluded. The complete selection process is summarised in Figure 1.
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PRISMA-ScR Flow Diagram
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Figure 1. PRISMA-ScR flow diagram of the source selection, verification and
screening process. n = number of records.

2.5. Data Charting Process and Data ltems

A data-charting form was developed iteratively in line with PRISMA-ScR guidance
[28] and the methodological refinements of Levac et al. [31]. The form was piloted
on a randomly selected subset of ten included sources and refined before being
applied to the full corpus. Two reviewers independently charted data from each
included source, and discrepancies were resolved by consensus. Charted variables
were organised around six analytical dimensions: (i) bibliographic metadata (title,
authors, year, source); (ii) primary domain (agriculture, water/hydrology,
climate/environment, or cross-cutting); (iii) Al architecture (LLM/foundation
model, transformer, vision/multimodal); (iv) adaptation strategy (fine-tuning,

Waterlines Vol. 44 No. 3s



Claudia Lengua-Cantero et al.

LoRA/QLORA, PEFT, instruction tuning, RAG, prompt engineering, zero/few-
shot); (v) data strategy (curation, annotation, augmentation, benchmark, dataset
construction, NER); and (vi) application focus (advisory systems, disease/pest
detection, irrigation management, forecasting, monitoring, information extraction).
Each dimension was coded from the full extracted record of the source (title,
abstract, stated objectives, methods, dataset description, and reported findings), not
from titles alone; a category was assigned only where the extracted content provided
explicit support, and any residual uncertainty was resolved by consensus between
the two reviewers. The complete charting matrix is provided as Supplementary Table
S3, and the full list of included sources with bibliographic metadata is provided as
Supplementary Table S4. To enable independent, source-level verification of the
entire corpus, each of the 151 charted entries in Supplementary Table S4 is reported
with a stable identifier (a DOI where available, or otherwise a persistent repository
or venue URL) together with its charted values across the six dimensions, so that
every record contributing to the quantitative summaries can be traced to its source.
The full charting matrix (Supplementary Table S3) is released openly with this
manuscript so that software developers, agronomic engineers, and water-resource
analysts can directly reuse it as an annotated knowledge base for training, fine-
tuning, or benchmarking their own LLM-based systems in the agro-water domain.

2.6. Optional Methodological Characterisation of Included Sources

Critical appraisal of individual sources of evidence is optional in scoping reviews
[28]; it is reported here in descriptive form to characterise the maturity of the field
rather than to grade evidence strength or to inform a recommendation. Given the
heterogeneity of LLM evaluation metrics and the relative novelty of the field,
because validated risk-of-bias instruments developed for clinical evidence syntheses
(such as ROBIS or AMSTAR-2) are not directly transferable to LLM and machine-
learning studies, a domain-based methodological characterisation adapted to this
field was applied. Each included source was characterised across six domains, each
rated Low, Unclear, or High concern, with an overall judgement derived from the
domain ratings (per-source judgements and the supporting rationale for each are
provided in Supplementary Table S6; the summary is shown in Figure 4). The six
domains are: (i) the source selection process; (ii) confounding or external variables;
(iii) measurement of the intervention or exposure; (iv) missing data; (V)
measurement of the outcome; and (vi) selection of the reported results, each assessed
using explicit guiding questions. Each source was independently characterised by
two reviewers across the six domains, and disagreements were resolved by
consensus; the judgement and supporting rationale for every domain are recorded in
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Supplementary Table S6. In parallel, the sources were characterised across four
descriptive methodological dimensions used for the maturation analysis (Section
3.2): (i) data sourcing breadth and representativeness; (ii) validation procedures and
train/validation/test split documentation; (iii) generalisation testing across regions,
languages or conditions; and (iv) reporting practices regarding failure cases,
hallucinations, and computational costs. The operational criteria used to score each
source across these four dimensions are documented in Supplementary Table S5.
Each source was independently scored by two reviewers; disagreements were
resolved by consensus. Statements about absence of bias (such as observations on
data leakage) reflect what is reported in the original sources and were not
independently verified by the reviewers beyond what the original authors
documented.

2.7. Collation, Summarisation, and Reporting of Results

Findings are presented through a combination of numerical summaries (frequency
counts of sources by year, domain, architecture, adaptation strategy, data strategy
and application focus) and qualitative thematic collation, as recommended for
scoping reviews [28,30]. No formal meta-analysis was conducted, as such pooling
of effect estimates is methodologically inappropriate for a scoping review and is
precluded by the heterogeneity of evaluation metrics, datasets, and reporting
standards across the included sources. Quantitative figures reported in this review
are attributable either to the charted corpus (with explicit denominators visible to the
reader, e.g., “106 of 139 dated sources, 76.3%”) or to specific cited sources. Unless
otherwise stated, all counts and percentages are computed over the full verified
corpus (n = 151); temporal percentages use the subset of sources with a verifiable
publication year (n = 139). Sources were grouped by domain, architecture,
adaptation strategy and data strategy, and summarised through frequency counts and
structured cross-tabulations of these dimensions; because several sources address
more than one domain or strategy, the corresponding percentages may sum to more
than 100%. Heterogeneity is explored through temporal subgrouping (2020-2022,
2023-2024, 2025) corresponding to the three observable evolutionary phases of the
LLM/RAG era in the agro-water domain.

2.8. Disclosure on the Use of Generative Al

In accordance with editorial policy on the disclosure of generative Al tools, the
authors disclose that generative Al tools (Claude, Anthropic) were used exclusively
to assist with English-language editing, grammatical revision, and formatting of the
manuscript, as well as for automated parsing and categorisation of bibliographic
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metadata in the data-charting workflow. The use of automated parsing was
supervised by human reviewers, who verified all categorisations and resolved
ambiguities. No generative Al tool was used to design the study, formulate the
research question, interpret findings, or generate scientific conclusions. All
intellectual content, analytical decisions, and interpretations remain the sole
responsibility of the authors.

Results

3.1. Characteristics of the Included Sources of Evidence

The structured search compiled 244 records, of which 91 were duplicates and 2 were
excluded at verifiability assessment, yielding 151 verified sources for charting. A
representative selection of 23 sources covering all analytical dimensions and the
three temporal phases is presented in Table 2.

Table 2. Source characteristics: representative selection of 23 included sources
covering all analytical dimensions of the mapping.

N | Refere | Y | Domain Archi | Adapt | Data Applic | Key
o|nce /|ea tectur | ation | Strateg | ation Finding
System | r e y
1 | AgriG | 20 | Agricultur | Llam | Fine- | Expert | Adviso | Domai
PT 25| e a-3 /| tuning | curatio | ry /|n-
Custo n Q&A | specific
m ecosyst
LLM em
2 | FarmG | 20 | Agricultur | Llam | LoRA | Manua | Smart | Multi-
PT 25| e a-3 + I farmin | task
(open | Instru | curatio | g farming
- ction | n advisor | Q&A
sourc | tuning y
e)
3 | AgroG | 20 | Agricultur | VLM | Expert | Image- | Crop Multim
PT 24 | e (LLa | tuning | text disease | odal
VA- curatio | detecti | diagnos
based n on tics
)
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4 | Cotton | 20 | Agricultur | GPT- | LLM- | Domai | Irrigati | Hybrid
Bot 25| e 4 +|RAG |n on agentic
Llam | + knowle | advisor | system
a-3 Agent | dge y
ic Al | base
5 | BeefBo | 20 | Agricultur | GPT- | Fine- | Vector | Livesto | RAG-
t 25| e 4 + | tuning | databa | ck enhanc
Open- | + se advisor | ed
sourc | RAG y livestoc
e k
LLMs support
6 | Hydro | 20 | Water/Hy | GPT- | Bench | Expert | Knowl | Hydrol
LLM 25 | drology 4 /| mark |annotat | edge ogy-
Llam | evalua | ion assess | specific
a-3 /| tion ment benchm
Mistr ark
al
7 | Water | 20 | Water/Hy | Multi | Bench | Water | Water | Standar
Bench | 25 | drology ple mark | corpus | manag | dised
LLMs | evalua ement | LLM
tion evaluat | eval
ion
8 | WaterE | 20 | Water/Hy | Multi | Bench | Water- | Engine | Bench
R 24 | drology ple mark | engine | ering markin
LLMs | evalua | ering evaluat | g in
tion corpus | ion water
eng.
9 | Hydro | 20 | Water/Hy | Foun | Two- | Hydrol | Report | Domai
Gen 25 | drology dation | stage | ogical | generat | n
Mode | fine- | reports | ion adaptati
I tuning on
hydrolo
gy
1 | Hydro | 20 | Water/Hy | Embe | Doma | Hydrol | Embed | Domai
0 | Embed | 25 | drology dding | in pre- | ogy dings | n-
Mode | trainin | corpus | for specific
l g
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retriev | embedd
al ings
1 | AgCN | 20 | Agricultur | Trans | Fine- | Large- | NER Largest
1|ER 24 | e forme | tuning | scale for ag.
r annotat | pests/d | NER
(BER ion iseases | dataset
T-
famil
y)
1 | SAGD | 20 | Agricultur | LLM | Synth | Synthe | Trainin | Open-
2 1A 25| e synth | etic tic g data | source
etic genera | augme | for syntheti
data | tion ntation | Africa | c data
1 | SELEC | 20 | Cross- Foun | Curati | Data Curatio | Large-
3| T 24 | cutting dation | on curatio | n scale
Mode | bench | n evaluat | curatio
Is mark ion n
benchm
ark
1 | SeedBe | 20 | Agricultur | Multi | Bench | Multi- | Agron | Multi-
4 | nch 25 | e ple mark | task omy & | task
LLMs | evalua | agrono | genetic | agrono
tion my S my
benchm
ark
1 | AgroB | 20 | Agricultur | Visio | Bench | Image- | VLM Compr
5 | ench 25 | e n- mark | text evaluat | ehensiv
Lang | evalua | bench | ion e VLM
uage | tion mark benchm
Mode ark
Is
1 | EnvGP | 20 | Climate/E | Llam | LoRA | Enviro | Enviro | Domai
6T 25 | nvironmen | a-3 fine- nmenta | nmenta | n-
t (open | tuning | | I adapted
- COrpus | researc | environ
sourc h ment
e) LLM

Waterlines Vol 44 No 3s




Mapping Fine-Tuning and Dataset Curation Practices for Large Language
Models in Agriculture and Water Resources: A Scoping Review

1 | LoRA | 20 | Cross- Open- | LORA | Q&A Questi | PEFT
7 | QA- 24 | cutting sourc | fine- | dataset | on- QA
system e tuning answer | fine-
LLM ing tuning
1 | UniTex | 20 | Cross- Multi | LoRA | Multim | Multim | Low-
8 | tFusion | 25 | cutting modal | + odal odal resourc
LLM | Early | corpus |sentim |e
fusion ent multim
odal
1 | LLMI- | 20 | Agricultur | Multi | Fine- | Image- | Crop Multim
9 | CDP 25| e modal | tuning | text disease | odal
LLM dataset | & pest | LLM
crop
disease
2 | SPAD | 20 | Agricultur | LLM | Fine- | Sensor | Soil LLM
0E 25| e Fram | tuning | data moistu | soil
ework corpus | re moistur
anomal | e
y detectio
n
2 | My 20 | Climate/E | LLM | Promp | Climat | Climat | NLP
1 | Climat | 24 | nvironmen t e e climate
e t engine | corpus | adaptat | adaptati
Adviso ering / ion on
r RAG
2 | Sheep | 20 | Agricultur | LLM | KG- KG Livesto | KG-
2 | Doctor |25 | e + enhan | constru | ck augmen
Know | cemen | ction disease | ted
ledge |t diagno | LLM
Graph sis
2 | Norwe | 20 | Agricultur | Traini | Datas | Manua | Agricu | Nationa
3 | gian 25 | e ng et I Itural I-scale
Ag corpu | constr | curatio | manag | training
Dataset s for | uction | n ement | data
LLMs

Note. This selection presents 23 representative sources covering the six analytical
dimensions (Domain, Architecture, Adaptation Strategy, Data Strategy, Application
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Focus, Year) and the three temporal phases (2020-2022, 2023-2024, 2025). The
complete characterisation of the 151 included sources is provided in Supplementary
Table S3 (Charting Matrix) and Supplementary Table S4 (Included Sources).
Abbreviations: LLM = Large Language Model; VLM = Vision-Language Model;
RAG = Retrieval-Augmented Generation; PEFT = Parameter-Efficient Fine-
Tuning; LoRA = Low-Rank Adaptation; NER = Named Entity Recognition; KG =
Knowledge Graph.

3.1.1. Temporal Distribution

Among the 139 verified sources with a confirmed publication year, the temporal
distribution is heavily skewed toward the most recent years: 2 sources in 2019; 3 in
2020; 7 in 2021; 7 in 2022; 14 in 2023; 40 in 2024; and 66 in 2025. Thus, 106 of
139 dated sources (76.3%) were published in 2024-2025 (Figure 2). This pattern
confirms that the LLM/RAG era proper in the agro-water domain emerges from mid-
to late 2023 onwards. Modern LLM fine-tuning techniques (LoRA, QLoRA) and
RAG architectures were virtually non-existent in the agro-water literature during
2020-2022; sources from that phase that survived the LLM-focused screening
typically describe transformer-based natural-language processing applications that
established the technological baseline for the later LLM/RAG era.
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Figure 2. Chronological distribution of included sources on LLM applications
in agriculture and water resource management.
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3.1.2. Distribution by Primary Domain

Among the 151 verified sources, the primary domains identified were: agriculture
(50 sources, 33.1%), water and hydrology (18 sources, 11.9%), climate and
environment (14 sources, 9.3%), and cross-cutting sources applicable to the domain
(69 sources, 45.7%). Several sources addressed multiple domains and are therefore
counted in more than one category. Within the water and hydrology subset, the
corpus encompasses hydrology-specific knowledge benchmarks, intelligent water-
management systems, water-engineering evaluation suites, domain-adapted
hydrology models, domain-specific embedding models, and applications of LLMs
to water distribution network optimisation. Agricultural applications are dominated
by advisory and question-answering systems, knowledge-graph-enhanced
diagnostic models, and precision-management tools. The individual systems and
their classification are listed in Table 2 and Supplementary Tables S3 and S4.

3.1.3. Distribution by Architecture, Adaptation Strategy and Dominant Models
Architecture was coded by the reviewers from the full extracted record of each
source (title, abstract, stated objectives, methods, and reported findings) rather than
from titles alone. All included sources are, by eligibility (Section 2.2), based on a
large language model, foundation model, or transformer architecture. A specific
named architectural class was identifiable for 72 of the 151 sources: 50 (33.1%)
employ a general-purpose large language model or foundation model, 16 (10.6%) a
vision-language or multimodal architecture, and 6 (4.0%) a transformer/encoder
model. For the remaining 79 sources (52.3%) the primary source applies an LLM or
foundation model but does not name a specific architecture or backbone; this is itself
an informative characteristic of the dataset-, benchmark-, and application-focused
literature that constitutes much of the corpus, rather than a coding artefact. With
respect to model-family dominance, open-source Llama-3 and Mistral variants are
the most frequently named fine-tuned backbones, and LoRA and QLORA parameter-
efficient tuning strategies are applied most often on these open-source backbones.
APIl-based usage of proprietary models such as GPT-4 appears predominantly in
evaluation sources and hybrid RAG architectures.

With respect to adaptation strategies, coded from the full extracted record (categories
are not mutually exclusive): 62 sources report fine-tuning, 20 RAG, 16 LoRA or
QLOoRA, 13 prompt engineering, 9 PEFT, 4 instruction tuning, and 3 zero/few-shot
learning. Parameter-efficient and full fine-tuning strategies together account for the
largest share of adaptation approaches, while RAG appears in 20 sources (13.2%).
The remaining sources that do not foreground a specific adaptation strategy typically
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describe dataset construction, evaluation, or benchmarking activities. Cross-
tabulating adaptation strategy by domain (Supplementary Table S3) shows fine-
tuning as the dominant strategy in every domain (36 cross-cutting, 19 agricultural, 4
climate, and 3 water/hydrology sources), whereas RAG concentrates in agricultural
(10) and cross-cutting (7) sources, and LORA/QLORA in cross-cutting (10) and
climate (4) sources.

(a) AI architecture

LLM / Foundation

o
Model 50 (33.1%)

Vision-Language /

16 (10.6%
Multimodal ( )

Transformer /

Encoder
Not specified | 79 (52.3%)
in record
0 20 40 60 80

Number of charted sources (n = 151)

(b) Adaptation strategy

Fine-tuning 62

RAG

LoRA / QLoRA

Prompt
engineering

PEFT

Instruction
tuning

Zero-/Few-shot

I T T T T

0 1I0 20 30 4‘0 5'0 60 70
Number of charted sources reporting strategy (n = 151; categories not mutually exclusi
Figure 3. Architectures and adaptation strategies in the verified corpus (n =
151), coded from the full extracted record of each source. A specific
architecture was identifiable for 72 sources; the remaining 79 apply an LLM
or foundation model without naming a specific architecture (Section 3.1.3).

3.1.4. Distribution by Data Strategy and Dominant Datasets

Data-centric activities are prominent across the verified corpus, including
benchmark development, Named-Entity-Recognition annotation, data augmentation
or synthesis, data-quality control, and curation/cleaning. (Exact per-category counts
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are reported in the verified Supplementary Table S3.) The corpus includes dedicated
open datasets and benchmarks spanning agricultural named-entity recognition,
multilingual advisory corpora, national-scale agricultural training datasets,
hydrology-knowledge and water-engineering benchmarks, multi-task agronomy
benchmarks, and large-scale farmland image—text datasets. The combined presence
of these dedicated datasets and benchmarks, detailed in Table 2 and Supplementary
Table S3, signals a maturation of the field beyond ad hoc model evaluation.

3.1.5. Distribution by Application Focus

Application foci identified across the corpus include irrigation management (19
sources), advisory and question-answering systems (12 sources), disease and pest
detection (9 sources), yield and production analysis (5 sources), forecasting and
prediction (5 sources), monitoring (3 sources), and information extraction (1 source).
Soil moisture forecasting has also emerged as a specific sub-area. The mapping of
individual systems to each application focus is provided in Table 2 and
Supplementary Tables S3 and S4.

3.2. Optional Methodological Characterisation of the Included Sources

As described in Section 2.6, the included sources were characterised across six bias-
relevant domains using a domain-based methodological characterisation instrument
adapted to the field, and across four descriptive methodological dimensions for the
maturation analysis. This characterisation is reported as descriptive context for the
maturity of the field; it is not used to grade evidence strength, in keeping with
PRISMA-ScR guidance [28]. Applying the six-domain instrument, most included
sources were judged to be at low overall concern (113 of 151), with 37 at unclear
concern and 1 at high concern (Figure 4; Supplementary Table S6). At the domain
level, the source-selection process (147 of 151 at low concern) and missing-data
handling (148 at low concern) were the strongest domains, whereas confounding or
external variables (123 of 151 unclear) and selective reporting of results (131
unclear) carried the greatest uncertainty. Measurement of the intervention or
exposure was evenly split (74 low, 77 unclear), and outcome measurement was
predominantly unclear (95 of 151). These judgements are consistent with the
qualitative maturation patterns described below:

* Data sourcing: Sources from the 2020-2022 phase frequently relied on small,

single-site datasets that did not account for real climatic variability. Sources from
2024 onwards increasingly used larger, multi-source corpora and dedicated

Waterlines Vol. 44 No. 3s



Claudia Lengua-Cantero et al.

benchmarks for the domain, reflecting a transition to mature data sourcing in
approximately 80% of 2025 sources.

* Validation procedures: Most included sources that reported empirical evaluation
explicitly described their train/validation/test splits. Heterogeneity in reporting
practices was nonetheless observed. No systematic indication of data leakage was
identified from the original reports, although the reviewers did not independently
verify data partitioning beyond what was reported by the original authors.

* Generalisation testing: Model robustness was assessed across different regions,
languages, or water-management conditions in only a subset of sources, with
substantial variability in the breadth of contextual testing [1]. Approximately 60%
of 2025 sources report some form of cross-context evaluation.

* Reporting practices: A progressive shift away from positive-result-only reporting
was observed from 2023 onwards, with LLM-based sources more frequently
disclosing limitations, hallucination cases [8,9], and computational-cost trade-offs.
Approximately 70% of 2025 sources acknowledge limitations or failure modes
explicitly.

Domain-based risk-of-bias appraisal (reported as optional methodological characterisation per PRISMA-ScR)

160 1 151 151 151 151 151 151 151
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Figure 4. Domain-based methodological characterisation of the 151 included
sources across six domains and an overall judgement (Low / Unclear / High
concern). Reported as optional per PRISMA-ScR guidance.
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3.3. Variable Charting Matrix

Data charting was performed using a structured matrix that enabled systematic
coding across the six analytical dimensions (Table 1). The full charting matrix,
including all 151 verified sources, is provided as Supplementary Table S3.

Table 1. Variable charting matrix used to systematically code the 151 verified
included sources across six analytical dimensions.

Dimension | Charted Categories Representative | Analytical
Sources Purpose
Primary Agriculture; AgriGPT (see | Domain mapping
Domain Water/Hydrology; Table 2)
Climate; Cross-
cutting
Architecture | LLM/Foundation; AgroGPT (see | Technical
Transformer; Table 2) grouping
Vision/Multimodal
Adaptation | Fine-tuning; EnvGPT (see | Method-outcome
Strategy LOoRA/QLORA,; Table 2) mapping
PEFT; Instruction
tuning; RAG; Prompt
engineering
Data Curation/Cleaning; AgCNER (see | Data-centric
Strategy Annotation; Table 2) analysis
Augmentation;
Benchmark; Dataset
construction; NER
Application | Advisory/Q&A, CottonBot (see | Domain
Focus Disease/Pest; Table 2) contextualisation
Irrigation; Yield;
Forecasting;
Monitoring
Year 2019-2025 106 of 139 | Evidence-
dated sources | maturity
in 2024-2025 | assessment
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Discussion

4.1. The Data-Centric Paradigm Shift

The mapping reveals a clear methodological shift from model-centric toward data-
centric Al approaches in the agro-water domain. This shift is supported by three
converging observations from the verified corpus: (i) the temporal distribution
shows that 76.3% of dated sources were published in 2024-2025, coinciding with
the period in which data-centric Al frameworks gained prominence in the broader
machine-learning literature [13]; (ii) a substantial share of the corpus explicitly
engages in data-centric activities—dataset construction, benchmark development,
NER annotation, data quality, augmentation, curation, or labelling; and (iii) the
emergence of dedicated domain benchmarks and curated corpora—spanning
hydrology-knowledge and water-engineering evaluation, agronomy benchmarks,
agricultural named-entity-recognition datasets, multilingual advisory corpora, and
national-scale training datasets—signals a maturation of the field beyond ad hoc
model evaluation.

Conceptual mapping: from model-centric to data-centric Al

Data-centric
(2024-2025, 76.3%)

Model-centric
(pre-2023)

paradigm shift

+ Larger architectures + Curated agro-water corpora

+ Generic datasets

* Model evaluation on
general benchmarks

+ Single-site, small data

* Limited reproducibility

Data-centric activities prominen
across the verified corpus (n = 15

+ Domain benchmarks (hydrology,
water engineering, agronomy)

« Agricultural NER datasets
CU » Multilingual advisory corpora

+ PEFT (LoRA/QLoRA) + RAG
on Llama-3 / Mistral

Outcomes align with SDG 2 (Zero Hunger), SDG 6 (Clean Water and Sanitation), and SDG 13 (Climate Action)

Figure 5. Conceptual mapping of the model-centric to data-centric paradigm
transition. This figure is schematic and interpretive: the representation
expresses the authors’ qualitative synthesis of the temporal trend in
methodological emphasis derived from full-text inspection of the charted
corpus, and is not an aggregated quantitative measurement.

Waterlines Vol 44 No 3s



Mapping Fine-Tuning and Dataset Curation Practices for Large Language
Models in Agriculture and Water Resources: A Scoping Review

From an engineering perspective, however, this data-centric shift exposes a
structural bottleneck: the lack of standardised curation pipelines for agro-
hydrological data directly penalises the computational efficiency of advanced
backbones such as Llama-3 and Mistral. Non-canonical formats, missing labels, and
locale-specific terminology force ad hoc preprocessing in each deployment,
multiplying the engineering cost of every fine-tuning cycle. This is precisely why
parameter-efficient strategies—LORA and QLORA in particular—have become
attractive in the agro-water corpus: they enable domain alignment on hardware
accessible to local agricultural cooperatives and field stations, whereas full fine-
tuning of equivalent backbones typically requires multi-GPU infrastructure that is
unavailable to most operational deployments. The combination of standardised agro-
water datasets and PEFT-based adaptation is therefore the most realistic pathway for
moving LLM applications from prototype to production in resource-constrained
settings.

RAG implementations in water-management and agricultural contexts have been
reported to reduce diagnostic error compared to architectures lacking semantically
structured external knowledge. Hybrid LLM-RAG and agentic-Al deployments for
irrigation advisory illustrate the practical maturation of these approaches. These
findings are described qualitatively in this review and are not aggregated across
sources.

4.2. Fine-Tuning Strategies and Dominant Models

Across the 62 verified sources (41.1%) that explicitly identify a fine-tuning strategy
in their full extracted record, Low-Rank Adaptation (LoRA) and parameter-efficient
variants emerged as the most commonly reported approaches. By selectively
modifying low-rank weight matrices within transformer architectures, LoRA
enables substantial domain alignment while reducing computational costs by orders
of magnitude compared to full fine-tuning [15]. When applied to well-curated,
domain-representative corpora, LoORA-tuned models have been reported to achieve
performance comparable to fully fine-tuned counterparts, a pattern consistent with
findings reported across the broader PEFT literature [18,24]. This advantage has
been confirmed across a range of domain-adaptation settings in the charted corpus,
particularly for environmental and engineering applications.

Regarding model-family dominance, open-source Llama-3 and Mistral are the most

frequently named fine-tuned backbones in the verified subset (precise per-family
counts are reported in Supplementary Table S3). API-based usage of proprietary
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models such as GPT-4 appears predominantly in evaluation sources and hybrid RAG
architectures. This pattern is consistent with the broader trend toward open-source
LLM adoption in resource-constrained scientific domains, where computational
sustainability and reproducibility are critical considerations.

Instruction-tuning approaches have been reported to enhance the explainability of
model outputs in agricultural applications. For example, the multimodal crop-
diagnosis LLM of Wang et al. [16] reports substantial identification-accuracy gains
from LoRA-based fine-tuning relative to non-tuned baselines in agricultural disease
and pest tasks. These figures are attributed to the cited source and are not generalised
across the corpus. Improvements in explainability are particularly important for
technology adoption among agricultural practitioners, for whom interpretable Al
outputs are a prerequisite for trust and operational use [10,11].

4.3. Hallucination Mitigation and Factual Reliability

Hallucination represents a critical barrier to LLM deployment in agricultural and
water-management contexts, where erroneous recommendations can have direct
consequences for food security and resource allocation [8,9]. Recent multimodal
LLM systems in agriculture [25] and general surveys of hallucination in language
generation [8,9] underscore both the prevalence and severity of the problem in the
domain. Across the mapped sources, the combination of domain-specific ontologies
and RAG architectures emerged as the most frequently reported strategy for
hallucination mitigation [26], complemented by knowledge-graph-enhanced LLM
frameworks for disease diagnosis and infrastructure safety management. Grounding
model responses in verified technical corpora was associated with reduced rates of
factually unsupported outputs. Transparency and explainability mechanisms were
repeatedly described as reinforcing trust among end-users [10,11].

In engineering terms, the hybrid RAG architectures identified in the corpus function
as an information-retrieval firewall placed between the generative model and the
operational system: by requiring every model output to be grounded in a
documented, retrievable knowledge source, RAG turns hallucination from an
intrinsic LLM failure mode into an auditable retrieval event that can be traced,
logged, and constrained. This shift is especially consequential in safety-critical agro-
hydrological loops such as automated irrigation controllers and agentic crop advisors
(e.g., the cotton-farming advisor referenced in Table 2), where an ungrounded
recommendation may translate directly into mis-irrigation, mis-fertilisation, or mis-
diagnosed disease in the field. Coupling RAG with domain-specific ontologies and

Waterlines Vol 44 No 3s



Mapping Fine-Tuning and Dataset Curation Practices for Large Language
Models in Agriculture and Water Resources: A Scoping Review

knowledge graphs therefore constitutes the most defensible engineering pattern in
the mapped corpus for closing the loop between LLM outputs and downstream
actuation, and it is consistent with the data-centric pathway emphasised in Section 4

4.4. Implications for Sustainable Agricultural and Water Management

The mapped evidence carries direct and concrete implications for sustainable
development across three SDGs. With respect to SDG 6 (Clean Water and
Sanitation), the prominence of irrigation management as the most frequent specific
application focus in the corpus (19 of 151 sources) directly aligns with the water-use
efficiency targets of SDG 6.4. Concrete deployment examples—including LLM-
RAG irrigation advisors and Al-driven water distribution network optimisation
systems—translate LLM technology into practical operational decision support for
water-use efficiency, while dedicated hydrology and water-engineering benchmarks
establish the evaluation infrastructure needed for trustworthy deployment in this
context.

With respect to SDG 2 (Zero Hunger), agricultural advisory and question-answering
systems (12 sources) are directly relevant to agricultural productivity gains,
particularly in low-resource settings. Multilingual fine-tuned advisory systems and
national-scale agricultural training datasets illustrate the infrastructural investments
required to extend these benefits beyond well-resourced contexts.

With respect to SDG 13 (Climate Action), climate-adaptation and ecological-
forecasting systems in the corpus are explicitly oriented to climate-adaptive
agricultural practices based on local environmental data. Fine-tuning strategies
adapted for specific territorial realities, including confounder balancing for domain
adaptation [27], further enhance model robustness across diverse agro-climatic
conditions.

Realising these contributions in practice requires sustained investment in local data
infrastructure, interdisciplinary expert collaboration for annotation and validation,
rigorous evaluation frameworks for domain-adapted Al systems, computational
resources accessible to research and operational communities, and active
engagement with farming communities. The empirical patterns of the corpus
indicate that the field is progressing toward this infrastructure, but that significant
gaps remain particularly in non-English-language contexts and in low- and middle-
income countries.
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4.5. Limitations of This Review

Several limitations should be acknowledged. First, although PROSPERO does not
register scoping review protocols, the review protocol was not registered in
alternative registries such as the Open Science Framework (OSF); the protocol was
defined a priori and is reported in full in Sections 2.2-2.7. Second, the charting was
based on the full extracted record of each source (title, abstract, objectives, methods
and findings) rather than on full original PDFs in every case; the coded categories
are reported transparently throughout Section 3 and each is supported by the
extracted content of the source. Relatedly, although the methodological
characterisation was conducted independently by two reviewers using a structured
six-domain instrument, with the rationale for each judgement documented
(Supplementary Table S6), the field still lacks a fully validated instrument tailored
to large-language-model studies; the instrument used here is therefore an adaptation,
reported as optional per PRISMA-ScR guidance, and its domains may require further
refinement in future syntheses. Third, the predominance of English-language
sources, partially mitigated by the supplementary searches in Nature, MDPI,
OpenReview, the ACL Anthology and SciELO, may have introduced database-
selection bias and excluded relevant grey literature. Fourth, publication bias toward
positive results, common in rapidly emerging fields, may underrepresent LLM-
related sources reporting failure cases. Fifth, the field is evolving rapidly: sources
published after the most recent search update (October 2025) are not reflected in this
mapping, and the long-term validity of the findings is constrained by this evolution.
Sixth, the absence of formal meta-analysis is consistent with scoping-review
methodology [28,30], where pooling of effect estimates is not a methodological
objective; future targeted systematic reviews on more circumscribed sub-questions
could address the quantitative-synthesis gap. These limitations point toward future
systematic reviews and primary studies on more circumscribed sub-questions
identified through the present mapping.

Conclusions

This scoping review maps 151 verified sources of evidence on fine-tuning and
dataset curation strategies for Large Language Models applied to agriculture and
water resource management between 2019 and 2025. The temporal distribution—
with 76.3% of dated sources published in 2024—2025—confirms that the LLM/RAG
era proper in this field begins in mid- to late 2023. The mapping identifies a clear
methodological shift from model-centric toward data-centric approaches, with a
substantial share of the corpus explicitly engaging in data-centric activities.
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Open-source Llama-3 and Mistral families are the most frequently named fine-tuned
backbones in the corpus, while GPT-4 dominates evaluation and hybrid RAG
architectures. Parameter-efficient fine-tuning, particularly LoRA, represents a
dominant adaptation pathway, achieving domain alignment at manageable
computational cost. RAG techniques have emerged as a complementary strategy
with particular promise for hallucination mitigation in knowledge-intensive agro-
hydrological tasks. Dedicated domain benchmarks and curated datasets for
hydrology, water engineering, agronomy, and agricultural named-entity recognition
signal the data-infrastructure maturation of the field.

From a sustainability perspective, the methodologies mapped in this review offer
concrete pathways toward advancing SDG 2, SDG 6, and SDG 13. The prominence
of irrigation management as the most frequent application focus (19 of 151 sources)
aligns directly with the water-use efficiency targets of SDG 6; advisory and Q&A
systems align with SDG 2; and climate-adaptation systems align with SDG 13.
Realising this potential requires sustained interdisciplinary collaboration between Al
researchers, agronomists, hydrologists, and local communities, alongside investment
in annotation infrastructure and rigorous model-validation frameworks.

Future research should prioritise: (i) the development of standardised benchmarking
datasets for agro-hydrological LLM evaluation beyond those currently available; (ii)
systematic assessment of the computational-sustainability trade-offs of PEFT
methods; (iii) longitudinal studies examining real-world deployment outcomes of
fine-tuned LLMs in agricultural advisory contexts; and (iv) targeted systematic
reviews and meta-analyses on more circumscribed sub-questions identified through
the present mapping—particularly the performance of LoRA-tuned Llama-3 models
on water-resource forecasting tasks and the effectiveness of RAG-based
hallucination mitigation in agronomic decision support.
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