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Abstract

Agricultural advice intended to protect the land is sensitive to
local context because a best management practice (BMP) de-
signed for one location might be risky elsewhere. This risk
is addressed in the U.S. by the Cooperative Extension ex-
perts stationed in different geographic regions who can bene-
fit from the ability of general-purpose large language mod-
els (LLMs) to produce plausible answers quickly at a low
marginal cost; however, these answers must remain locally
reliable.
We evaluated local reliability by examining whether advi-
sory behaviors in LLM responses repeatedly conformed to
relevant BMPs. We analyzed this conformance in 288 LLM
responses to eight publicly available Cooperative Extension
inquiries. These inquiries were submitted by people in dif-
ferent locations who were concerned that local water could
harm plants. Because the locations differed in plant types,
water composition, soils, and how the inquiry was framed, re-
sponses from twelve LLMs at three low-temperature settings
allowed us to examine the potential for unnecessary risk. We
analyzed this risk using descriptive text metrics and an induc-
tively developed advisory scorecard to identify BMP noncon-
formances, including unsupported claims, omissions, uncor-
rected naı̈ve question framing, and contextually misframed
solutions.
To characterize the risks in context-sensitive advice, we in-
troduce contextual advisory reliability as a scorecard-bound
diagnostic metric for assessing whether LLM-generated land-
management advice consistently protects against risk. Risk is
screened by evaluating repeated responses to calculate con-
textual advisory reliability. The ability to quantify reliability
across different geographical regions supports responsible de-
ployment in public advisory domains by helping institutions
audit the suitability of AI-generated advice and communicate
those results to institutional experts, land managers, and LLM
designers.

Introduction
High-quality land management advice must account for site-
specific differences in microclimate, soil chemistry, and re-
sources, because protective advice in one field can be risky
advice in a neighboring one (Kahan 2008). Matching protec-
tive advice to the field is especially important for households
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with limited economic margins, which struggle to absorb
or reverse the consequences of high-risk land management
advice (World Food Programme and Food Security Infor-
mation Network 2023). Even infrequent risky advice, when
repeated across many decisions and many landscapes, can
produce consequences that accumulate into lasting effects
on crop production, water use, and regional prosperity. As
human populations grow, land managers and supporting in-
stitutions will face increasing pressure to reduce errors in
land management reasoning.

Traditionally, the challenge of minimizing local errors in
land management reasoning in the U.S. has been handled by
the Cooperative Extension system. This system is a network
of geographically distributed institutions whose experts in
soils, water, crops, infrastructure, and related disciplines ad-
vise local land managers in their own regions. This locally
situated expertise provides a mechanism for validating, con-
textualizing, and filtering advice before it is put into practice.
Land managers who put into practice plausible advice from
a general-purpose LLM need an equivalent mechanism, or
errors across repeated advice may compound into avoidable
sociotechnical risk.

We evaluate repeated LLM responses to variations of one
common land-management question: Will my water harm
my plants? It is a useful test case because the answer de-
pends on local soil and water chemistry, plant hardiness, es-
tablished irrigation practices, and how the question is framed
locally. Drawing questions from real submissions to Exten-
sion experts in different parts of the U.S. lets us ask whether
LLM guidance is protective or risky.

Risky guidance can come from hallucination (Ji et al.
2023; Maynez et al. 2020), but the two are not the same. A
trivial or even absurd hallucination may pose little risk to the
land, while a hallucination-free recommendation may still
be risky because it can omit a BMP, accept a false premise
embedded in the question, or apply a valid solution to the
wrong land-management context. These errors may stay in-
visible to advice seekers, who often ask questions precisely
because they lack the expertise to catch errors in the an-
swers. An Extension expert is unlikely to pose the same
question to an LLM, but would likely recognize errors and
BMP nonconformances that the advice seeker cannot. To
quantify this expert-observable, context-sensitive risk, we
introduce the concept of contextual advisory reliability.
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We define contextual advisory reliability as expert-
observable reliability within a specified advisory scope, as-
sessed with an inductively derived scorecard that evalu-
ates whether advice exhibits protective behaviors and avoids
high-risk advisory errors according to relevant BMPs. Re-
liability therefore reflects the consistent absence of known,
scorecard-defined risks rather than conformity to any par-
ticular response. Advice may vary within and across con-
texts without penalty simply for differing from a reference
response, but it is penalized when it introduces known risks.
We examine contextual advisory reliability through three re-
search questions:

• RQ1: What recurring protective and risky advisory be-
haviors appear in LLM-generated responses to context-
sensitive agricultural questions?

• RQ2: How prevalent are these advisory behaviors in
context-sensitive LLM responses generated at low-
temperature settings using models accessible to land
managers?

• RQ3: What kinds of advisory failures are missed by de-
scriptive text metrics or hallucination-centered evalua-
tion?

We used eight questions submitted to U.S. Cooperative
Extension experts between 2013 and 2024 to prompt 12
LLMs at three low-temperature settings, yielding 288 re-
sponses. We analyzed these responses using descriptive tex-
tual metrics (word count, Flesch-Kincaid reading level, vo-
cabulary rarity, and lexical similarity between each inquiry
and its response) as well as an advisory scorecard designed
to encode the presence or absence of protective and risky
advisory behaviors.

Advisory risk appears both within individual responses
and across repeated responses. Within a response, it takes
four forms: unsupported recommendations, omitted quali-
fications, misframing of the advisory question, and prema-
ture application of context-dependent guidance. Across re-
peated generations, advisory behavior was sometimes con-
sistent and at other times unstable, resembling guess-like
selection. The descriptive text metrics characterize surface
form but do not capture scorecard-coded failures.

We make three contributions. First, we use a case study
of 288 responses to eight real U.S. Cooperative Extension
questions concerning irrigation water suspected of harming
plants to provide empirical evidence of advisory failures in a
problem highly sensitive to local context. Second, we show
how to structure a scorecard around unsupported recommen-
dations, omitted qualifications, misframing of the advisory
question, and premature application of context-dependent
guidance. Third, we introduce a diagnostic measure of con-
textual advisory reliability for evaluating the consistent ab-
sence of known, scorecard-defined risks within a specified
advisory scope.

Background
Risks of Context-Insensitive LLM Advice for Land Man-
agement Land managers uncertain about an agricultural
decision can get on-demand advice from an LLM (Tzachor

et al. 2023), potentially bypassing the local infrastructure
built to put the right humans in the loop. Such use requires
guardrails because LLMs tend to optimize linguistic plausi-
bility over truth (Bender et al. 2021). Mismatches between
plausibility and truth are often analyzed as hallucination or
confabulation (Maynez et al. 2020; Ji et al. 2023), includ-
ing false claims or true claims presented in a misleading
form that distort advisory information (Aı̈meur, Brassard,
and Sallami 2023). Such distortions should be identified and
filtered before land managers act on them and incur crop
losses, soil degradation, or economic losses.

Human-in-the-Loop Infrastructure for Filtering Agro-
nomic Risk Before LLMs Existed Long before LLMs,
agricultural communities relied on agricultural societies
to judge the local applicability of new farming practices
through fairs and contests (Watson 1820). Prize-winning
crops, livestock, and implements were placed on public dis-
play, making local results visible, comparable, and open to
community judgment, and those judgments then circulated
through informal social networks that filtered the local ap-
plicability of a practice before it spread.

As Extension pioneer Seaman Knapp observed, “the mere
dissemination of printed information sometimes does not ac-
complish this result”: new agricultural knowledge must also
be demonstrated under local field conditions before farmers
can confidently apply it in decisions affecting their liveli-
hoods (Martin 1921).

The importance of social trust in this process is evident in
studies of hybrid seed-corn adoption (Ryan and Gross 1943)
that Everett Rogers later drew on in developing the diffusion
of innovations framework (Rogers 1962). Agricultural inno-
vations, such as higher-yielding hybrid corn, spread not only
through technical information but through local demonstra-
tion, trusted relationships, and observation of results. De-
signers of LLM-based agricultural systems should therefore
preserve these trust-building functions rather than allow the
distribution of information to bypass local evaluation.

Agronomic Risks When LLMs Can Bypass Humans in
the Loop The risks of deploying AI in agriculture include
misinformation, erosion of shared digital agronomic knowl-
edge, and over-reliance on artificial intelligence (De Clercq
et al. 2024). An advisory tool deployed in Utah illustrates
the problem by confidently suggesting treatments for Peach
Leaf Curl, a disease that rarely appears in the region’s arid
climate (Hill and Narine 2026). An LLM-based system eval-
uated at Wisconsin-Madison generated soybean manage-
ment plans that omitted key management steps (Mourtzi-
nis et al. 2026), and a tool tested with irrigated-rice farm-
ers in Nigeria gave inaccurate advice about planting dates,
seed rates, and fertilizer management (Ibrahim, Senthilku-
mar, and Saito 2024). The concerns raised in these studies
echo a long history predating AI, in which agricultural com-
munities already relied on humans in the loop, serving in
advisory roles to filter new knowledge through local obser-
vation, contextual adaptation, social trust, and institutional
review before putting new recommendations into practice.
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Reliability Through Repetition An advice-generating
system earns trust when avoidance of known advisory risks
is demonstrated through repetition. In experimentation, rep-
etition tests whether a claim contains error, while repeating
the same message tests whether the communication channel
introduces error. A message-based advisory system there-
fore depends on both reliable claims and a reliable commu-
nication channel.

Experimental repetition has been formalized since
Fisher’s work at Rothamsted, where variation within agricul-
tural land obscured the causal interpretation of isolated re-
sults (Fisher 1925, 1935). Subsequent work identified Type
I errors (detecting an absent effect), Type II errors (missing
a present effect) (Neyman and Pearson 1928, 1933), Type
III errors (“giving the right answer to the wrong problem”)
(Kimball 1957), and Type IV errors (“the incorrect interpre-
tation of a correctly rejected hypothesis”) (Marascuilo and
Levin 1970). These errors show how repeated results can
appear sound yet remain operationally misleading.

In LLM-generated agricultural advice, experimental er-
rors can manifest as advisory response errors. An LLM
may assert a claim unsupported by local evidence (Type I),
omit guidance that a locally informed advisor would pro-
vide (Type II), answer a question a locally informed advisor
could identify as the wrong question (Type III), or apply oth-
erwise valid knowledge before the relevant local conditions
have been established (Type IV).

Type II errors are especially difficult to detect because of
the file drawer problem: null findings are less likely to be
written up or submitted for publication. Models trained on
the published record may therefore have limited access to
the evidence needed to avoid repeating Type II errors (Mo-
niz, Druckman, and Freese 2025; Lee 2026).

Extension experts have traditionally delivered guidance
through conventional channels, such as printed bulletins,
phone lines, and static web pages, where the message is ex-
pected to remain fixed in transmission. LLM-based systems
differ because repeating fixed prompts can produce different
yet fluent responses, some of which may introduce errors.
In conventional communication channels, the potential for
message error can be characterized using entropy (Shannon
1948). However, introducing an LLM turns a conventional
channel into a generative channel in which variation does
not necessarily introduce error, so a different diagnostic tool
is needed to identify errors that introduce advisory risk.

Methods
This study uses a repeated, cross-model advisory evaluation
design to examine scorecard-defined risk in LLM responses
to context-sensitive agricultural questions.

Question Selection and Pre-processing
The Cooperative Extension platform “Ask Extension” 1

hosts publicly searchable questions submitted by users from
across the U.S. and answered by agricultural experts. We
searched the platform for questions about the same under-
lying advisory problem, “Will my water harm my plants?”

1https://ask.extension.org/
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Figure 1: Geographic origins of questions with labels corre-
sponding to Table 1.

Using one advisory problem allows responses to be evalu-
ated across similar but non-identical situations. In each situ-
ation, the asker’s location helps determine the relevant con-
text, alongside soil, water, plant, and infrastructure condi-
tions. For each context-sensitive question, we obtained mul-
tiple LLM responses to evaluate scorecard-defined advisory
risk.

When selecting questions, we included those in which
the asker was assessing whether water would harm their
plants. We excluded questions that did not include both a
water and a plant concern or for which a similar question
from the same region had already been selected. Figure 1
shows where the questions came from, and Table 1 provides
their contextual details. We removed any personal names be-
fore submitting questions to the LLMs. For multi-turn ex-
changes, we retained only the initial inquiry because sub-
sequent user replies could not be replicated for LLM re-
sponses.

The original Extension answers are treated as institu-
tionally situated reference responses rather than infallible
ground truth. Extension advisors often apply best man-
agement practices codified in NRCS Conservation Practice
Standards, such as the standard for Irrigation Water Manage-
ment (Natural Resources Conservation Service 2020), and
the Irrigation Guide within the National Engineering Hand-
book (Natural Resources Conservation Service 1997). These
standards provide the basis for identifying where advisory
practices may introduce or mitigate risk. We therefore use
relevant BMPs as the baseline for identifying risk and the
Extension answers as context-specific reference responses.

LLM Response Generation
Each question has been submitted to 12 LLMs (Table 2) at
three temperatures (T = 0.0, T = 0.2, T = 0.4), giving 36
responses per question. The models have been selected to re-
flect a range of access configurations likely to be available to
land managers: eight commercial frontier models, two that
can be run on advanced private servers, and two that run on
a consumer-grade graphics card.

Each question has been submitted verbatim as a sin-
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Q# Contextual details
Q1 Vegetables turned yellow with well water, but not rain
Q2 Poplars yellowing and scorched, but neighbors are not
Q3 Well test results concerning for planned English garden
Q4 Planning grass irrigation with dissolved solids in water
Q5 Sodium level in well water for landscaping plants
Q6 High dissolved solids and calcium in garden well water
Q7 Garden struggling with hard water and water softener
Q8 Very high salt concentration hurting grass

Table 1: Summary of contextual details for each regional
variation of “Will my water harm my plants?”

Provider Model
Anthropic claude-opus-4-6
Anthropic claude-sonnet-4-6
Google gemini-2.5-flash
Google gemini-2.5-pro
OpenAI gpt-4.1-2025-04-14
OpenAI gpt-4o-2024-11-20
xAI grok-3
xAI grok-4-0709
DeepSeek deepseek-r1:32b
Alibaba / Qwen qwen3:32b
Meta Llama3:8b
Mistral / NVIDIA Mistral-Nemo:12b

Table 2: Models used to generate responses.

gle user-turn message, without a system prompt or added
context, to approximate a direct-to-user exchange in which
someone asks an LLM for guidance without institutional
mediation. The range T = 0.0–0.4 has been selected as a
relatively conservative, low-variance range consistent with
advisory use. Because this range does not represent the full
range of sampling configurations used in consumer inter-
faces, interpretation is limited to the evaluated temperature
settings.

The response set comprises outputs generated in March
2026 under three access configurations: commercial models
(Claude, Gemini, GPT, and Grok) via provider APIs; open-
source models (DeepSeek and Qwen) via Purdue GenAI
Studio on enterprise-grade servers; and local models (Llama
and Mistral-Nemo) on a Windows desktop with an AMD
Ryzen 7 9700X 8-core processor and an NVIDIA GeForce
RTX 5060 Ti graphics card.

Advisory Behavior Coding
To answer RQ1, we use an inductive coding process to iden-
tify recurring advisory patterns in the LLM responses.

Each response is decomposed into pieces of guidance
that could affect what a user believes, checks, or does next.
These behaviors are organized into a binary scorecard (Ta-
ble 3) based on their advisory risk, considering both po-
tential impact and observed or plausible frequency. High-
impact behaviors may therefore be included even when they
are not observed in the evaluated responses. Scorecard items
are classified as BMP-based protective behaviors or agro-

Symbol Response behavior Present
Best Management Practices

ϕ1 Water or soil testing recommended ❑

ϕ2 Rainwater collection recommended ❑

ϕ3 Salt-tolerant plants recommended ❑

ϕ4 Water softener bypass recommended ❑

ϕ5 Gypsum recommended when sodium is
present

❑

ϕ6 Radon addressed as a water-quality issue ❑

ϕ7 Sodium Adsorption Ratio (SAR) re-
quested

❑

Agronomically risky behaviors

ψ1 Potential salt water leach recommended ❑

ψ2 Reverse osmosis without pretreatment ❑

ψ3 Gypsum recommended without sodium
data

❑

ψ4 Sodium threshold fabrication ❑

ψ5 Acid addition recommended ❑

ψ6 Water softener recommended ❑

ψ7 Alkalinity guessed without data ❑

Table 3: Binary Scorecard for Response Behaviors.

nomically risky behaviors and are applied only within the
contexts in which they are relevant. Protective behaviors
maintain or establish conditions needed for informed action,
while risky behaviors may encourage action without suffi-
cient supporting conditions, rely on unsupported assump-
tions, or redirect diagnosis away from the relevant problem.

A conservative coding assumption is that users may act on
a recommendation without complete or correct contextual
information. An agricultural expert therefore codes a behav-
ior as risky whenever it appears without the local conditions
required for safe use. For example, a treatment recommen-
dation offered before establishing whether the relevant soil
or water conditions warrant that treatment is coded as risky.

Item scope and exclusions. The scorecard has a defined
advisory scope, but individual items may apply only to a
subset of that scope. Item-level exclusions are optional and
are specified as part of scorecard design. Without an exclu-
sion, a context in which an error cannot occur may still be
included in the calculation and recorded as an absence of
that error. With an exclusion, such cases are omitted so that
the absence of an impossible error is not counted as model
performance. Exclusions can therefore restrict an item’s cal-
culation to contexts in which the corresponding error state
could occur while also reducing unnecessary coding.

Descriptive Text Metrics
To answer RQ3, we computed descriptive text metrics to ex-
amine whether simple properties of the responses could ex-
plain advisory reliability. We characterized questions, Ex-
tension answers, and LLM responses using word count,
Flesch–Kincaid grade level, rare-word ratio, and cosine sim-
ilarity between questions and LLM-generated responses.
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We computed word count and Flesch–Kincaid grade level
with textstat, stripping non-ASCII characters before
readability scoring, and rare-word ratio with wordfreq
(Speer 2022), defined as the proportion of tokens with
Zipf frequency below 3.0 — fewer than 1,000 occur-
rences per billion English words. For cosine similarity,
we encoded questions as queries and responses as doc-
uments using the asymmetric question-answer embedding
model multi-qa-MiniLM-L6-cos-v1 (Reimers and
Gurevych 2019). Extension answers again serve as a refer-
ence point, here for how closely LLM responses track the
wording and semantic structure of the original questions.

Contextual Advisory Reliability Metrics
To answer RQ2, we measured contextual advisory reliabil-
ity within the specified scope of each expert-derived score-
card. The scorecard defines the advisory behaviors to be
evaluated, their protective or risky interpretation, and the re-
sponses to which each item is applicable. For each advisory
point i, we computed the Shannon entropy over the binary
outcomes of presence and absence:

Hi = −pi log2(pi)− (1− pi) log2(1− pi), (1)

where pi is the proportion of applicable responses in which
behavior i was coded present, and Hi ≡ 0 when pi ∈ 0, 1.
For scorecard context C, total entropy is

HC =
∑
i∈C

Hi. (2)

We summarize advisory quality with the term µC , in
which protective guidance contributes through its presence,
ϕi, and risky guidance through its absence, 1− ψi:

µC =
1

nϕ + nψ

 nϕ∑
i=1

ϕi +

nψ∑
j=1

(1− ψj)

 . (3)

Consistency is represented as the complement of normal-
ized entropy:

JC = 1− HC

HC,max
. (4)

The denominator HC,max is the maximum possible entropy
for scorecard context C, which for m advisory points oc-
curs when all m are maximally uncertain and equals m bits.
Thus, JC = 1 indicates complete consistency in the coded
advisory behaviors, whereas JC = 0 indicates maximum un-
certainty. We use the term normalized entropy complement
throughout.

The contextual advisory reliability score, BC , combines
mean advisory quality with consistency:

BC = µC · JC . (5)

The index BC ∈ [0, 1] decreases when protective guidance
is less prevalent, risky guidance is more prevalent, coded
advisory behavior is less consistent, or some combination
of these occurs. Low entropy alone does not imply high re-
liability. A risky behavior that occurs consistently has low
entropy but reduces µC , while consistent omission of pro-
tective guidance likewise reduces advisory quality. A high

contextual advisory reliability score therefore requires both
favorable scorecard-defined advisory behavior and low in-
stability in those behaviors.

The scope of contextual advisory reliability is determined
by the scorecard rather than by the wording or identity of
individual questions. Each scorecard specifies the agricul-
tural context within which its advisory behaviors and ap-
plicability rules are meaningful. Entropy is therefore calcu-
lated across the responses to which each item applies within
that specified scope. Pooled entropy identifies variation in
the occurrence of a coded advisory behavior across applica-
ble responses but does not localize that variation within the
scope.

Where a narrower agricultural scope is substantively
warranted, the framework can be applied using separately
scoped scorecards and reliability calculated within each re-
sulting context. This allows the same metric to be used at
different levels of contextual specificity while preserving the
expert-defined relationship between scorecard items and the
agricultural setting in which they are evaluated.

Consistency in this framework refers to scorecard-defined
protective and risky advisory behaviors rather than confor-
mity of response content. Advice may vary substantially
within and across questions without penalty merely for
differing in wording, emphasis, or recommendations. The
scorecard standardizes evaluation of known advisory risks,
not the advice itself.

An applicable risky item that is never observed con-
tributes through the observed absence of that risk. Such non-
occurrence describes the evaluated sample and does not im-
ply that the behavior could not occur in future responses. We
therefore interpretBC together with its component terms and
item-level prevalences rather than against a universal cutoff.

Bootstrap confidence intervals for µC , JC , and BC were
obtained from 1,000 same-sized resamples formed by ran-
domly omitting some responses and duplicating others, then
taking the 2.5th and 97.5th percentiles of the recomputed
metrics. Coding-sensitivity intervals used the same approach
but perturbed the data differently. In each of 1,000 runs, ev-
ery response’s binary indicator flags were flipped indepen-
dently with 5% probability. Flipping binary values can shift
proportions near 0 or 1 asymmetrically, which can appear
to relocate the original estimated value. The original esti-
mate was used to center the interval, keeping it focused on
the spread of uncertainty rather than that apparent shift. To-
gether, the two intervals capture sampling uncertainty and
coding-rubric uncertainty, respectively.

Results
Descriptive Text Metrics Captured Style but Not
Advisory Failures
Responses from LLMs were generally longer than the ques-
tions that prompted them (Figure 2), and tended to grow
longer as the questions grew longer, most visibly for Q2 and
Q3. Responses from Extension experts did not follow this
pattern. Longer responses may provide more guidance, but
they also provide more opportunities for unsupported claims
and other forms of advisory instability.

1803



Figure 2: Word-count distributions by question. Violin
width indicates LLM response density. Black circles show
question-text word counts; red diamonds show expert-
answer word counts. Seven LLM outliers were excluded us-
ing Tukey’s 1.5×IQR fence.

Figure 3: Flesch–Kincaid grade-level distributions by ques-
tion. Violin width indicates LLM response density. Black
circles show question-text values; red diamonds show
expert-answer values. Thirty-seven LLM outliers were
excluded using Tukey’s 1.5×IQR fence. Flesch–Kincaid
grades were capped at 20.

Flesch–Kincaid grade level of LLM responses varied little
across questions (Figure 3), whereas responses from Exten-
sion experts varied more.

Rare-word ratios were similar across most questions ex-
cept Q4, where the prompt, Extension expert response, and
LLM responses all had higher ratios (Figure 4). This is con-

Figure 4: Rare-word-ratio distributions by question. Rare
words were defined as words with Zipf frequency below
3. Violin width indicates LLM response density. Black cir-
cles show question-text values; red diamonds show expert-
answer values. Seven LLM outliers were excluded using
Tukey’s 1.5×IQR fence.

sistent with LLM responses reflecting the higher proportion
of rare vocabulary in the prompt.

Figure 5 shows the QA-asymmetric cosine similarity be-
tween each question and its responses. Across all questions,
the LLM response distributions were centered above the cor-
responding Extension expert responses, indicating that re-
sponses from LLMs tended to be more semantically similar
to the original questions than responses from Extension ex-
perts.

Advisory Behaviors Varied Within Question
Contexts
Temperature had little effect over the range tested (Table 4).
The normalized consistency term JC varied only slightly
across temperatures.

Across all responses, mean advisory quality was µC =
0.59, normalized consistency was JC = 0.35, and contextual
advisory reliability was BC = 0.20 (Table 4). These values
summarize scorecard-defined advisory behaviors across the
evaluated responses and do not establish a threshold separat-
ing reliable from unreliable advice.

Recurring Protective and Risky Advisory
Behaviors
Table 5 summarizes coded advisory behaviors across the 288
responses. Protective behaviors varied widely, as water and
soil testing appeared frequently, while requests for SAR ap-
peared rarely. Risky behaviors including salt-water leaching,
reverse osmosis without pretreatment, and gypsum without
sodium data appeared across multiple questions and mod-
els. The evaluated responses were not simply correct or in-
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Figure 5: Semantic similarity (QA-asymmetric). Each small
dot is one LLM response; the colored bar with a dot shows
the mean ± 1 SD across all models and temperatures, and
the red diamond shows the Extension answer.

correct; they combined protective guidance, omissions, and
risky recommendations in different ways.

Advisory Failures Extended Beyond Hallucination
Traditional text metrics captured variation in response
length, readability, and lexical structure, but responses that
appeared similar on these surface measures differed sub-
stantially in their protective and risky advisory behaviors.
Surface-level similarity therefore does not, by itself, indicate
contextual advisory reliability.

Regional variants of the same underlying question pro-
duced different combinations of advisory behavior. Some
responses paired protective guidance with risky recommen-
dations, while others omitted guidance that could have re-
duced uncertainty. Advisory signals therefore varied across
local contexts without implying that such variation was itself
unreliable.

Table 5 shows that protective and risky behaviors also
varied across the evaluated generations. Rainwater collec-
tion (ϕ2) and salt-tolerant plant selection (ϕ3) were both
sound recommendations, but their occurrence varied across
responses. By contrast, the water softener recommendation
(ψ6) represents a plausible but agronomically risky response
because softened water can increase soil sodicity and reduce
plant-available water when used to address hard or saline ir-
rigation water. This behavior did not occur in any of the 288
evaluated responses. The resulting BC = 1.00 for this item
reflects the absence, within the evaluated sample, of a sus-
pected risky behavior identified as high-consequence despite
not being observed during scorecard construction or evalua-

Advisory behavior metrics
µC JC BC

By temperature

T = 0.0 n = 96

0.59
[0.57,0.61]
[0.58,0.60]

0.33
[0.30,0.41]
[0.30,0.36]

0.20
[0.17,0.24]
[0.18,0.21]

T = 0.2 n = 96

0.60
[0.58,0.63]
[0.59,0.62]

0.37
[0.33,0.46]
[0.34,0.41]

0.22
[0.20,0.27]
[0.20,0.25]

T = 0.4 n = 96

0.58
[0.55,0.60]
[0.56,0.59]

0.35
[0.30,0.44]
[0.32,0.38]

0.20
[0.17,0.25]
[0.18,0.22]

By response context category

I m = 2

0.74
[0.70,0.77]
[0.72,0.75]

0.21
[0.16,0.28]
[0.19,0.24]

0.16
[0.12,0.21]
[0.14,0.18]

II m = 7

0.41
[0.38,0.43]
[0.39,0.42]

0.24
[0.20,0.30]
[0.21,0.27]

0.10
[0.08,0.13]
[0.09,0.11]

III m = 2

0.63
[0.56,0.70]
[0.59,0.67]

0.59
[0.51,0.74]
[0.52,0.66]

0.37
[0.36,0.41]
[0.33,0.41]

IV m = 3

0.88
[0.86,0.91]
[0.87,0.90]

0.52
[0.45,0.60]
[0.48,0.56]

0.46
[0.38,0.54]
[0.42,0.50]

All responses

All n = 288

0.59
[0.57,0.61]
[0.58,0.60]

0.35
[0.32,0.39]
[0.33,0.37]

0.20
[0.19,0.23]
[0.19,0.22]

Table 4: Contextual advisory reliability score components.
Each cell reports the point estimate, bootstrap confidence
interval, and sensitivity interval. Top: by temperature (n).
Middle: by response context category (m). Bottom: all re-
sponses.

tion.
Observed failures extended beyond visibly false state-

ments. LLMs recommended gypsum without evidence that
sodicity warranted it, omitted informing users that diag-
nostic water testing could reduce uncertainty, and supplied
sodium-concentration thresholds at the user’s request even
though sodium concentration alone does not establish irri-
gation suitability. Other responses inferred alkalinity from
hard-water conditions, even though hardness does not neces-
sarily imply alkalinity, and then recommended a potentially
inappropriate corrective treatment. These behaviors could
increase risk for users without agronomic training.

Discussion
LLMs Can Bypass Institutional Safeguards
Traditional agricultural advisory systems reduced uncer-
tainty through locally grounded interpretation, repeated ob-
servation, and expert mediation. This filtering can be by-
passed when LLM-mediated advice reaches users with-
out institutional review. Without that review, the LLMs we
tested showed advisory risk arising not only from false state-
ments but also from omitted protective guidance, insuffi-
ciently framed questions, and valid recommendations ap-
plied before local conditions were established.
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Advisory Behavior summary
Advisory behavior

metrics
Sym. Scope Occ. Q M Ctx. µC JC BC

ϕ1 All 182 8 12 II 0.63 0.05 0.03
ϕ2 All 138 8 12 II 0.48 0.00 0.00
ϕ3 All 127 7 12 II 0.44 0.01 0.00
ϕ4 All 56 4 10 II 0.19 0.29 0.06
ϕ5 All 52 7 10 II 0.18 0.32 0.06
ϕ6 6 31 1 12 II 0.86 0.42 0.36
ϕ7 All 23 1 10 II 0.08 0.60 0.05
ψ1 All 108 8 11 I 0.62 0.05 0.03
ψ2 All 62 8 12 IV 0.78 0.25 0.20
ψ3 All 44 7 11 I 0.85 0.38 0.32
ψ4 5 27 1 11 III 0.25 0.19 0.05
ψ5 All 24 3 9 IV 0.92 0.59 0.54
ψ6 All 0 0 0 III 1.00 1.00 1.00
ψ7 All 14 5 6 IV 0.95 0.72 0.68

Table 5: Recurrence and contextual advisory relia-
bility for encoded response behaviors. Sym.=symbol;
Scope=applicable question scope; Occ.=occurrences;
Q=questions; M=models; Ctx.=response context category,
which maps each advisory behavior to the failure-mode
categories: Type I unsupported claims, Type II omitted
protective guidance, Type III misframing, and Type IV
premature application; µC=mean quality; JC=normalized
complement of entropy; BC = µCJC .

Figure 6 summarizes the communication structure at
stake. Advisors and land managers are usually concerned
about some aspect of nature; however, nature does not com-
municate in language. Language is used after experimenta-
tion, when observations of soil, water, and crop response are
recorded as results. Those results travel through a publica-
tion channel to experts who regularly review the research, or
are diverted into a rejection channel going nowhere when re-
sults are not published, hence the file drawer problem. The
published record is where both experts and LLMs find the
answers they relay to the asker. When the asker is com-
municating with a human, the human advisor can catch er-
rors in the published record, in the asker’s line of reason-
ing, or in the surrounding context before sending a reply. In
LLM-mediated systems, the expert is not there to monitor
the channels for errors.

These channels matter because land managers who ask for
advice usually cannot tell whether that advice is safe. Co-
operative Extension exists to close that gap by filtering out
advice before it reaches the people who will act on it. Eval-
uating contextual advisory reliability is therefore a question
of how well an LLM can perform this same filtering when
no expert is there to do it.

Because the 288 responses contained both protective and
risky advisory behaviors, improving contextual advisory
reliability requires more than checking individual factual
claims. Agricultural advice delivered through LLMs should
be evaluated as part of the whole system — publication
channel and advisory channel alike — through which it
reaches users, against the same standard an Extension ex-
pert would apply. That system includes not only what the

Figure 6: Simplified advisory communication channels. Tra-
ditional agricultural advisory systems include institutional
filters that interpret local context before advice reaches land
managers. LLM-mediated advice can bypass these filters, al-
lowing unstable advisory signals to reach users directly.

publication channel carries forward, but what it omits. That
standard means checking whether missing context is flagged
rather than ignored, premature recommendations are with-
held until local conditions are established, protective guid-
ance is preserved rather than dropped, and questions beyond
the model’s reliable scope are referred to human experts or
appropriate institutions.

Novelty Alone Is Not the Risk

An LLM is not inherently unreliable simply because its ad-
vice diverges from established BMPs. Novel recommenda-
tions may improve agricultural practice when they do not
introduce known risks, which is the same beneficial diver-
gence Rogers (1962) described as diffusion of innovations.
Advice from an LLM is therefore not penalized in the score-
card solely for differing from established recommendations.
A response is penalized only for known risks, or for failing
to avoid them, within the specified advisory scope, so that
screening for risk does not also slow the diffusion of gen-
uinely better practice.

Two possible risks affect novel advice. One is an incom-
plete published record. Null findings are less likely to be
recorded, so an LLM can inherit a positive-result bias (Mo-
niz, Druckman, and Freese 2025; Lee 2026), then apply
a promising finding without checking the conditions that
made it valid. The other is diffusion of innovations across
regions. An LLM trained on data from many regions may
be unable to determine that a successful innovation in one
region fails in another, yet may recommend it anyway. Both
risks also affect the proposed scorecard because much of the
knowledge of risk is drawn from the same body of literature
used to train LLMs. Either risk can therefore pass through a
scorecard evaluation unless the person compiling the score-
card both understands and recognizes the risk.
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Channel Type Failure mode

Publication
I

Unsupported claims. Advice is as-
serted without sufficient evidence
for the local context.

II

Omitted protective guidance. Pro-
tective knowledge is absent, weakly
represented, or not reliably re-
trieved.

Advisory
III

Misframing. Under-specified ques-
tions frame advisory tasks incor-
rectly.

IV
Premature application. Otherwise
valid knowledge is applied before
local conditions are established.

Table 6: Advisory failure modes grouped by communication
channel.

Contextual Advisory Reliability Requires More
Than Protective Elements
Appropriate guidance responds to relevant risks and to the
user’s circumstances. Some LLM responses included pro-
tective elements such as water testing, rainwater collection,
consultation with local experts, or requests for more infor-
mation, but risky elements appeared alongside them across
the evaluated response sets. The binary scorecard captures
that mix and can support periodic institutional auditing,
feedback, or mediation.

From Model Evaluation to Advisory Governance
Research institutions, advisory systems, model developers,
and land managers each observe different parts of the advi-
sory process. Land managers observe local conditions; agri-
cultural experts interpret experimental evidence and regional
practice; model developers observe system behavior at scale.
None independently observes the full structure of contextual
advisory instability, so responsible deployment requires co-
ordination across technical and domain-specific expertise.

Table 6 groups the advisory failure modes by two broad
communication channels: publication channels, which shape
what knowledge is available to human advisors or LLM-
mediated systems, and advisory channels, which shape how
advice is delivered to the person asking the question. These
four types echo error categories applicable to agricultural
experimentation.

Publication-channel failures affect the knowledge avail-
able to human advisors and LLM-mediated systems alike.
Type I failures appear when unsupported claims are repeated
as locally reliable. For example, several LLM responses rec-
ommended gypsum. Gypsum can improve sodic soils by
supplying calcium that displaces sodium (Natural Resources
Conservation Service 1997), but without evidence of an el-
evated sodium adsorption ratio (SAR), the recommendation
is unsupported and may provide little benefit when calcium
is already abundant. Type II failures appear when protec-
tive knowledge does not surface reliably. For example, sev-
eral LLM responses recommended reverse osmosis to re-

move dissolved salts but omitted pretreatment needed to pro-
tect the membrane from fouling. The recommendation was
therefore plausible but operationally incomplete.

Advisory-channel failures affect guidance exchanged be-
tween asker and answerer. Type III failures occur when the
question frames the advisory task incorrectly. For example,
Question 5 asked for an acceptable sodium concentration in
softened water, but sodium concentration alone does not es-
tablish irrigation suitability. The relevant sodicity hazard is
assessed using SAR, which accounts for sodium relative to
calcium and magnesium (Natural Resources Conservation
Service 1997). The LLMs answered the question as asked
rather than reframing it around the measure needed for the
decision. Type IV failures occur when otherwise valid guid-
ance is offered before relevant conditions are established.
For example, acidifying irrigation water can be appropri-
ate when alkalinity contributes to plant damage, but recom-
mending acid before establishing whether the user can han-
dle and apply it safely makes the guidance premature.

Because scorecard-defined advisory failures recurred
across questions, models, and contexts, responsibility for
contextual advisory reliability cannot rest on individual
users alone. Land managers may know their local condi-
tions, but they are unlikely to observe those recurring fail-
ures themselves. People who develop LLMs can observe
system behavior at scale, while Cooperative Extension in-
stitutions and agricultural experts can identify which omis-
sions, qualifications, and treatment recommendations are
consequential in practice. Responsible deployment therefore
requires coordination among land managers, Extension ser-
vices, and LLM developers.

Transferability to Other Advisory Domains
The agricultural scorecard is specific to its advisory scope,
but the evaluation procedure may transfer to other do-
mains where recommendations depend on context and an
established body of practice supports expert coding. Trans-
fer would require domain experts to define the advisory
scope and construct new items and applicability criteria. The
transferable structure consists of scope-bounded assessment,
expert-derived behavioral coding, and repeated evaluation of
scorecard-defined risk across advisory contexts. Advice may
vary within and across contexts without being treated as un-
reliable solely because its content differs. Whether similar
patterns of advisory risk occur in other domains remains for
future study.

Limitations
Several limitations bound these claims. The study covers
one advisory problem and eight Extension questions, pro-
viding ecological grounding but not statistical generalization
to agricultural advice as a whole. The Extension answers are
institutionally situated reference responses rather than infal-
lible ground truth, and the scorecard and applicability scopes
reflect expert judgment within the agricultural contexts rep-
resented in this study. The scorecard therefore should not be
assumed to apply outside its specified scope. Evaluation in
unfamiliar agricultural contexts or other advisory domains
would require domain expertise and appropriate reference
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practices to determine whether existing items remain ap-
plicable or whether new items and scopes are needed. The
temperature range is limited to T=0.0–0.4, and the design
does not characterize repeated-sampling behavior for any
single model-temperature configuration. Finally, the single-
turn setup excludes the clarification that may occur in real
advisory exchanges.

Contextual advisory reliability depends on the score-
card accurately representing context. Conditional items must
map to the circumstances in which they apply, with exclu-
sions specified in advance to prevent inapplicable contexts
from influencing the calculation. Scorecard criteria must
also avoid contradictory expectations. Otherwise, variation
caused by changes in context may be misclassified as unre-
liable model behavior. Reliability estimates should therefore
be interpreted as conditional on the validity, applicability
rules, exclusions, and internal consistency of the scorecard.

The scalar index has no validated threshold for accept-
able performance and can obscure different combinations
of its component measures. It should therefore be inter-
preted alongside the component terms and item-level results.
More fundamentally, the index inherits the scorecard’s scope
and limitations. It captures only the protective and risky
behaviors the scorecard defines, not risks it omits. Coding
too many never-observed errors into a scorecard can inflate
its score, since non-occurrence receives a perfect value, so
scorecard builders should be aware of this score inflation
risk.

These limitations restrict claims about the prevalence of
unsafe agricultural advice. The central result is narrower:
repeated evaluation can reveal scorecard-defined advisory
risks that may not appear in a single response, even though
advice may vary substantially within and across contexts.
The measurements are diagnostic signals, not universal clas-
sifications of reliable or unreliable advice.

Reliable agricultural advice is subject to a distributed-
knowledge limitation. Relevant information is distributed
across local field conditions, experimental evidence, re-
gional advisory practice, and the circumstances of the person
seeking advice. No single evaluation can fully observe all of
these sources of knowledge at once. The scorecard therefore
provides a structured assessment of known risks within its
specified scope, but it cannot replace local expertise, expert
judgment, or institutional review.

Future Directions
Several response patterns did indicate how advisory risk
might be reduced. Requests for soil testing, water analysis,
or clarification functioned less as answers and more as re-
quests for verification, thereby deferring recommendations
until relevant conditions were established.

Similar principles may reduce advisory risk in LLM-
mediated systems through repeated evaluation, clarification,
cross-model comparison, and institutional review. Future
work should extend these methods to multi-turn interac-
tions, broader inter-rater reliability studies, adaptive prompt-
ing, communication architectures that identify or intercept
scorecard-defined risks before advice reaches practice, and

evaluation under sampling configurations used in deployed
consumer systems.

Ethical Considerations and Adverse Impacts
Publicly available Cooperative Extension questions and
LLM-generated responses were analyzed. No new human-
subjects data were collected. Because public questions may
include details about land, water, or local infrastructure,
they were treated as advisory contexts rather than personal
records.

The method identifies scorecard-defined protective and
risky behaviors across repeated LLM responses. However,
it does not certify models for unsupervised deployment. A
high contextual advisory reliability score therefore does not
establish safety or replace local experimentation, institu-
tional review, or agronomic judgment. Because withholding
both useful and risky guidance can raise aggregate scores,
component terms and item-level results should accompany
the scalar index.

Land managers acting on AI-generated agricultural ad-
vice should not be expected to detect scorecard-defined ad-
visory risks themselves. Omitted testing guidance or pre-
mature application of conditional recommendations may be
invisible without agronomic training, yet consequential for
crops, soil, and water for years. Ethical deployment requires
that responsibility for identifying and reducing such risks be
shared by model developers, advisory institutions, and orga-
nizations that enable AI-mediated advice.

This evaluation is limited to the protective and risky ad-
visory behaviors represented in the scorecard and its speci-
fied scope. Other agricultural communities, crops, regions,
or institutional settings may identify different protective
and risky advisory behaviors. Ethical use of this framework
therefore requires continued review by people with relevant
agricultural, local, and institutional knowledge.

Specific commercial LLMs, providers, and hardware are
mentioned to describe the experimental methodology. These
trade names are for informational purposes only and do not
imply endorsement or recommendation of these products or
services over others not mentioned.
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