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Abstract

Artificial intelligence chatbots increasingly advise farmers, yet their adoption should
rest on rigorous, standardised evaluation. This review brings together five standardised
instruments for assessing chatbots (the System Usability Scale, the Chatbot Usability
Scale, the Checklist for Trust between People and Automation, the AI Chatbots Usage
Scale, and the User Engagement Scale) and one assessment method, knowledge testing.
It also explains Cronbach’s alpha, the reliability criterion most of them rely on. A case
study from the literature, in which five large language models answered PhD-level soil
science questions, together with deployed systems such as Farmer.Chat and AgroLLM,
show how evaluation works in practice and why fluent but unverified advice is risky.
Beyond questionnaires, we examine accuracy-based and retrieval-grounded testing. We
propose a five-layer protocol that first checks technical accuracy, then usability, trust,
engagement, and learning outcomes, to guide the design and validation of chatbots for
precision and smallholder farming.
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1. Introduction

AI is no longer confined to laboratories. It now shows up in precision farming (Liakos et al.
2018). As happened with computers and the internet, its real value lies in getting information
to people faster and more fairly, rather than in taking over from human experts. This wider
use has drawn attention to chatbots, programs that let people interact with a computer by
typing or speaking in everyday language. Chatbots first became common in customer service
and education. Extension services are the latest place to adopt chatbots (Anusha et al.
2025). Surveys trace the field from early rule-based programs to neural conversational agents
(Adamopoulou and Moussiades 2020) and show that chatbot research now spans education,
health, and service sectors (Okonkwo and Ade-Ibijola 2021; Rapp et al. 2021). In agriculture,
chatbots have opened new routes for farmers to reach technical information, above all timely,
locally relevant advice on crop management, pest and disease identification, market prices,
and weather-related risks (Bhuvaneswari et al. 2024). This sits within the wider move towards
digital and ‘smart’ farming (Wolfert et al. 2017; Liakos et al. 2018; Klerkx et al. 2019).

A conversational interface, however, says nothing about whether a tool is usable, trustworthy,
or helps anyone learn. Showing that a chatbot really serves its users means measuring it
systematically. Human-computer interaction (HCI) research has refined such measurement
over many years, yet agricultural informatics applies it inconsistently. This review brings
together the main scales used to evaluate AI chatbots, explains the statistical reasoning
behind their reliability, and looks at how they have been applied in published case studies
and real agricultural deployments. Our aim is to provide a reference framework for designing
and validating future chatbots in the agricultural sciences.

The objectives of this review are therefore to (i) describe the main standardised instruments
for evaluating AI chatbots; (ii) explain Cronbach’s alpha as the reliability criterion they share;
(iii) examine how these instruments and accuracy-based tests have been used in agricultural
case studies and deployments; and (iv) propose a staged, multi-layer protocol for evaluating
agricultural chatbots. The remainder of the paper follows this order: Section 2 sets out the
review methods, Section 3 presents the instruments, the case studies, and evaluation beyond
questionnaires, Section 4 discusses the methodological issues and the proposed protocol, and
Section 5 concludes.

1.1. AI chatbots in agriculture: typology and deployment

Agricultural chatbots handle farmers’ questions in several different ways. The simplest are
rule-based systems that work from predefined keywords, menus, and decision paths. They
perform well on questions the developers anticipated, but may be less effective when a farmer
asks something that matches none of the keywords, menus, or stored responses. Other sys-
tems use Natural Language Processing (NLP) and Machine Learning (ML) to interpret less
structured questions and generate responses. Some implementations combine rule-based and
AI-based components, although the architecture varies across applications. For example,
(Bharti et al. 2024) described a rule-based chatbot hosted on Facebook Messenger and eval-
uated it with 102 farmers in Odisha, India; the study should not be interpreted as evidence
of a hybrid rule-based and NLP/ML system.
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The type of interaction used by farmers is another factor that can be considered when clas-
sifying chatbots. Voice-enabled systems let users speak instead of type, which can matter
in rural areas where literacy levels limit the use of text-based services; early work such as
FarmChat explored conversational question answering for farmers in India (Jain et al. 2018).
Context-aware chatbots draw on earlier messages, so a conversation can continue without
the user repeating information. Chatbots built into familiar platforms such as WhatsApp,
Facebook Messenger, and Telegram have a practical edge too, because farmers can reach the
service through apps they already use and need not install anything new.

Several emerging systems show how these general architectures are being carried into agricul-
ture. Farmer.Chat, developed by Digital Green with Microsoft Research, is one example. It
uses a retrieval-augmented generation (RAG) framework (Lewis et al. 2020), so its answers are
built from information retrieved from agricultural knowledge resources. According to (Singh
et al. 2024), Farmer.Chat has reached more than 15,000 farmers across four countries and
has handled over 300,000 queries. AgroLLM adopts a comparable approach by combining
a large language model (LLM) with a RAG pipeline linked to an open-source agricultural
knowledge base. Information retrieved from this knowledge base is incorporated into the
response generation process, helping the system provide more reliable answers and reduce
hallucinations (Samuel et al. 2025). Comparative work on agricultural question answering
likewise found that both retrieval augmentation and fine-tuning improved the answers of a
base model (Balaguer et al. 2024).

The application of conversational AI is now being explored in agricultural advisory pro-
grammes at the international level. The Generative AI for Agriculture (GAIA) initiative is
led by the International Food Policy Research Institute (IFPRI), in partnership with CABI,
SCiO, the University of Florida, and Digital Green, with support from the Gates Foundation.
During Phase I (2023–2024), the initiative tested a retrieval-augmented generation (RAG)
framework with Digital Green’s Farmer.Chat in Kenya and India. Phase II (2025–2027) is
building on this work through expanded content aggregation, stronger data governance, inte-
gration of real-time and multimodal information, and evaluation and benchmarking protocols
(IFPRI 2026). These developments suggest that conversational systems are becoming part
of agricultural information and extension services. That makes the quality and reliability of
their output a serious concern, because a wrong recommendation on crop management, pests,
or diseases can cost farmers money and, in some cases, affect food security (Singh et al. 2024).

1.2. Rationale for systematic evaluation

Evaluating AI chatbots serves several linked purposes. It measures task success and usability,
exposes design weaknesses that can be fixed in later versions, shows whether systems keep
pace with changing user needs, and gives developers, extension agencies, and funders the
evidence they need to justify continued investment. Usability research has long cautioned
that effectiveness, efficiency, and satisfaction capture different things and are often measured
inconsistently (Hornbæk 2006; ISO 2018), and chatbot-specific work has proposed quality at-
tributes such as performance, affect, humanity, and accessibility (Radziwill and Benton 2017).
Reviews of dialogue-system evaluation likewise separate automatic metrics from human judge-
ment (Deriu et al. 2021), and questionnaire studies show that users’ chatbot experience is
multi-dimensional (Følstad and Brandtzaeg 2020). In agriculture, the stakes of weak evalu-
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ation are higher. In a Perspective informed by real-life testing of GPT-generated technical
advice for Nigerian cassava farmers, (Tzachor et al. 2023) highlighted that fluent responses
could remain broad and insufficiently tailored to crop growth stages and smallholder circum-
stances. The recommendations discussed included inputs that could exceed farmers’ financial
capacity. This review describes the resulting fluency–adequacy gap: persuasive language may
conceal advice that is not sufficiently specific or practical for farmers. Several broader issues
concerning the use of AI in agriculture were discussed by (Tzachor et al. 2022), including
difficulties in integrating agricultural data, possible socio-ecological effects, and the risk that
farmers with limited access to reliable connectivity could be left behind. The lesson is that
fluency is not competence. Before chatbots are rolled out in settings where food security is
at stake, they should be judged on measured usability, trust, and knowledge outcomes, not
on the polish of their conversation.

2. Materials and methods

2.1. Review design

This is a narrative review. The review was designed to produce a methodological reference
rather than a pooled estimate, so no meta-analysis was attempted.

2.2. Information sources and search strategy

We searched Google Scholar, ScienceDirect, SpringerLink, PubMed, and arXiv with combi-
nations of the terms ‘chatbot evaluation’, ‘usability scale’, ‘trust in automation’, ‘user en-
gagement scale’, ‘AI chatbot agriculture’, and ‘large language model advisory’. Searches were
extended with the terms ‘retrieval-augmented generation agriculture’, ‘smart farming digital
advisory’, and ‘Cronbach’s alpha reliability’. The searches were last run on 14 September 2026.
To find further sources, we hand-searched the reference lists of retrieved articles (backward
snowballing).

2.3. Eligibility criteria

Only English-language sources published between 1996 (the year the System Usability Scale
first appeared) and 2026 were considered, with the exception of foundational psychomet-
ric and theoretical works cited for definitions and background (Cronbach 1951; Davis 1989;
Lewis 1995). We gave priority to (i) foundational papers on psychometric scale development,
(ii) peer-reviewed validation studies reporting reliability coefficients, and (iii) empirical case
studies applying these scales to chatbots, especially in agricultural and allied applied-science
settings. Preprints (arXiv) were admitted where no peer-reviewed version could be found
and are identified as such in the reference list. A scale was generally included if it had been
published in a scholarly publication (journal, conference, or edited volume) and reported at
least one reliability estimate (typically Cronbach’s alpha). The CTPA was retained as an ex-
plicit exception because it is a foundational trust instrument central to the review, although
the cited validation study did not report a reliability coefficient for the full 12-item scale;
reliability evidence for an earlier 10-item revision is reported separately (Spain et al. 2008).
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Instruments also had to have been used, or be plausibly applicable, to evaluate conversational
AI systems.

2.4. Case-study selection and synthesis

No new data were collected. One case study from the existing literature, an assessment of
five large language models on PhD entrance questions in soil science (Khanifar 2025), was
chosen for detailed discussion because it evaluates chatbot performance in an agricultural
domain. It is read alongside five further reported evaluations and deployments of agricultural
chatbots (Table 2); sources available only as arXiv preprints are identified as such in the
reference list. For each included source, we extracted the instrument or method, the number
of items, the constructs measured, the reliability or accuracy evidence, the study population,
and the application domain. These were synthesised narratively under five evaluation layers:
technical accuracy and grounding, usability, trust, engagement and acceptance, and learning
outcomes.

3. Results

3.1. Standardised scales for evaluating AI chatbots

The instruments and methods reviewed here measure different but complementary aspects of
chatbot quality: overall usability, interaction quality specific to chatbots, user trust, sustained
usage, engagement, and learning outcomes. Each is described below in terms of its structure,
psychometric properties, and relevance to evaluating agricultural chatbots.

System Usability Scale (SUS)

(Brooke 1996) developed the System Usability Scale at Digital Equipment Corporation, and
it remains one of the most widely used general-purpose usability instruments. It has ten
statements, five worded positively and five negatively to counter acquiescence bias, rated
on a five-point Likert scale and combined into a score from 0 to 100. Because SUS is not
tied to any one technology, it has been applied to hardware, websites, mobile applications,
and conversational agents alike. Its reliability is high (approximately 𝛼 = 0.91 across 2,324
questionnaires from 206 studies; (Bangor et al. 2008)), and a two-factor structure separating
‘usability’ from ‘learnability’ has been reported (Lewis and Sauro 2009). For farmer-assistance
chatbots, SUS gives a quick, low-cost benchmark of whether an interface is intuitive and
efficient enough to keep using. Its adjective ratings (e.g., ‘good’, ‘excellent’, ‘best imaginable’;
(Bangor et al. 2009)) also make scores easy for non-specialists, such as extension officers, to
interpret.

Chatbot Usability Scale (BUS)

SUS was designed with general software in mind, not conversational agents. (Borsci et al.
2022) therefore developed the Chatbot Usability Scale (BUS) for AI-based conversational



6 Methodology for Evaluating Artificial Intelligence Chatbots: A Review with Applications
to Agricultural Advisory Systems

systems. The BUS-15 has 15 items spread over five factors: accessibility of chatbot functions,
quality of chatbot functions, quality of conversation and information provided, privacy and
security, and response time. In a pilot with 96 volunteers who rated ten customer-service
chatbots (385 valid questionnaires), the overall Cronbach’s alpha was 0.87, and the scale
correlated strongly with the Usability Metric for User Experience–Lite (UMUX-LITE; (Lewis
et al. 2013)). For agricultural advisory chatbots, the BUS is especially useful because it
asks directly whether the system keeps track of the conversation, gives accurate information,
protects privacy, and responds promptly. These are the qualities that bear most on farmer
trust and continued use.

Checklist for Trust between People and Automation (CTPA)

Trust is a precondition for adopting any automated recommendation system. The most
frequently cited instrument for measuring it is the Checklist for Trust between People and
Automation developed by (Jian et al. 2000), which we abbreviate as CTPA to avoid confusion
with other trust questionnaires. It has 12 items covering trust (confidence, dependability,
reliability, security, integrity) and distrust (deception, suspicion, wariness, perceived harm).
The original authors treated these as opposite poles of one dimension, but later confirmatory
factor analyses support a two-factor oblique structure in which trust and distrust are related
yet distinguishable (Spain et al. 2008). (Spain et al. 2008, p. 1336) report that an earlier
10-item modified version used by (Fallon et al. 2005) had an internal-consistency reliability
of 𝛼 = 0.93; they do not report a reliability coefficient for the full 12-item scale in their own
study. The scale responds to changes in trust after system updates or visible errors. Farmers
and extension workers will act on a chatbot’s advice, which often involves costly inputs such
as fertiliser or pesticide, only if they trust it. Trusting a system too much is costly, and
so is trusting it too little. The trust literature therefore argues that reliance should match
how reliable the system actually is (Lee and See 2004; Hoff and Bashir 2015). Trust in AI
systems is also shaped by whether users can see why an answer was given (Shin 2021). The
CTPA is therefore well suited to judging whether an agricultural chatbot has earned enough
confidence to influence real decisions. It can also flag early signs of distrust that simple
satisfaction surveys would miss.

AI Chatbots Usage Scale (ACUS)

More recently, researchers have looked for instruments suited to sustained, real-world chatbot
use rather than single-session usability tests. (Ibrahim and Nemt-allah 2026) developed and
validated the AI Chatbots Usage Scale (ACUS; the article’s title calls it the AI chatbots
acceptance and perception scale) with Egyptian university students. It began as a 25-item
pool, and the final four-factor model retains 19 items. Separate exploratory (n = 374) and
confirmatory (n = 599) factor analyses supported four factors, namely Ease of Use, Perceived
Usefulness, Trust, and Accessibility. The total-scale Cronbach’s alpha was 0.927 (Ibrahim
and Nemt-allah 2026, Tables 1 and 3). These factors closely follow ideas from the Technology
Acceptance Model (TAM) and the Unified Theory of Acceptance and Use of Technology
(UTAUT). That link to established theory is a real strength of the scale. The scale came
out of an educational technology setting, but its structure carries over readily to agricultural
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chatbots, particularly the Accessibility and Trust dimensions, since connectivity and adoption
barriers are recognised in digital agriculture (Klerkx et al. 2019; Mohr and Kühl 2021).

User Engagement Scale (UES)

Usability alone does not show whether an interaction is rewarding in itself or likely to be
repeated. The User Engagement Scale, developed by (O’Brien and Toms 2010) and later
shortened by (O’Brien et al. 2018) into a four-factor form, measures Aesthetic Appeal, Fo-
cused Attention, Perceived Usability, and Reward. Each subscale uses several Likert-type
statements (e.g., ‘I lost myself in this experience’; ‘This system was attractive’). The short
form (UES-SF) has acceptable reliability (McDonald’s � = 0.81–0.86 with online shoppers
and 0.70–0.88 with book-search users; (O’Brien et al. 2018)) and places much less burden on
respondents. Some chatbots are meant to attract farmers’ interest and keep it, rather than
be used once and dropped. For these, the UES offers a validated way to quantify the affective
and motivational side of the interaction that usability metrics overlook. Engagement matters
in practice because satisfaction and perceived usefulness have been shown to drive continued
use of AI-powered service agents (Ashfaq et al. 2020).

Knowledge testing

The instruments above capture what users think, whereas knowledge testing measures what
they have actually learned. It is an assessment method rather than a standardised scale.
Participants sit a test before and after using the chatbot, and the gain attributable to it is
usually compared with paired t-tests or analysis of variance (ANOVA). Reliability can still
be checked. Cronbach’s alpha is a widely used reliability estimate for knowledge tests as well
as questionnaires (Tavakol and Dennick 2011), and for right-or-wrong items its dichotomous
form, the Kuder–Richardson formula 20 (KR-20), is commonly used (Kuder and Richardson
1937; Cronbach 1951). In agriculture, this approach shows whether a chatbot genuinely
improves farmers’ grasp of pest identification, integrated crop management, or climate-risk
mitigation. Usability and engagement scores cannot provide that evidence.

Complementary and related instruments

Several related tools beyond the five core instruments appear often in the wider usability liter-
ature and deserve a brief mention. The Post-Study System Usability Questionnaire (PSSUQ)
is described in (Lewis 1995), whereas the Usability Metric for User Experience (UMUX) was
developed by (Finstad 2010). The two-item UMUX-LITE was later introduced by (Lewis
et al. 2013). These shorter usability measures can be used alongside SUS or in its place. The
Technology Acceptance Model (TAM) and UTAUT supply the theoretical scaffolding from
which several newer chatbot-specific scales, the ACUS among them, were derived (Davis
1989; Venkatesh et al. 2003). Both stress perceived usefulness and ease of use as the closest
determinants of adoption intention. None of these tools was developed specifically for agri-
cultural chatbots, but their constructs recur throughout the scales reviewed above and help
in interpreting results across studies.
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3.2. Cronbach’s alpha as a reliability benchmark

Nearly every scale discussed above reports Cronbach’s alpha (Cronbach 1951; Streiner 2003)
as evidence of internal consistency, the degree to which items within a questionnaire measure
the same underlying construct. Formally, for a scale of k items,

𝛼 = 𝑘
𝑘 − 1

(1 −
∑𝑘

𝑖=1 𝜎2
𝑦𝑖

𝜎2
𝑥

)

where k is the number of items in the questionnaire, 𝜎2
𝑦𝑖 is the variance of each item, and 𝜎2

𝑥
is the variance of the total score.

Values of 𝛼 normally fall between 0 and 1. (Tavakol and Dennick 2011) note that reports
of acceptable values range from 0.70 to 0.95, and that a very high value (above about 0.90)
may suggest redundant items. The reliability values reported for the scales reviewed here
(Table 1) generally fall in this range. Researchers evaluating agricultural chatbots should
treat 𝛼 as necessary but not sufficient evidence of scale quality (Sijtsma 2009). High internal
consistency does not guarantee that a scale measures the intended construct validly, or that
it will behave the same way across farmer populations that differ in language and culture.

3.3. Comparative synthesis of evaluation scales

Table 1 brings together the structure, reliability estimates, and main constructs of the five
scales reviewed and the knowledge-testing method, as a single reference for researchers choos-
ing instruments for agricultural chatbot studies.

Scale Items
Primary
construct(s) Reliability Source

System
Usability Scale
(SUS)

10 General
usability,
learnability

𝛼 ≈ 0.91 (2,324
questionnaires)
(Bangor et al.
2008)

(Brooke 1996)

Chatbot
Usability Scale
(BUS)

15 Accessibility of
functions,
quality of
functions,
quality of
conversation
and
information,
privacy and
security,
response time

𝛼= 0.87 overall
(96 volunteers,
385
questionnaires)
(Borsci et al.
2022)

(Borsci et al.
2022)
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Scale Items
Primary
construct(s) Reliability Source

Checklist for
Trust between
People and
Automation
(CTPA)

12 Trust and
distrust in
automated
systems

No 𝛼reported
for the 12 item
scale; 𝛼= 0.93
for an earlier
10-item
modified scale
(Spain et al.
2008)

(Jian et al.
2000)

AI Chatbots
Usage Scale
(ACUS)

19 Ease of use,
perceived
usefulness,
trust,
accessibility

𝛼= 0.927 total
(Egyptian
university
students, n =
599) (Ibrahim
and Nemt-allah
2026)

(Ibrahim and
Nemt-allah
2026)

User
Engagement
Scale, Short
Form
(UES-SF)

12 Aesthetic
appeal, focused
attention,
perceived
usability,
reward

𝜔 = 0.70–0.88
by subscale
(online
shoppers;
book-search
users) (O’Brien
et al. 2018)

(O’Brien et al.
2018)

Knowledge
testing
(assessment
method)

Variable Objective
knowledge gain
(pre–post)

𝛼(or KR-20),
computed for
each test
(Tavakol and
Dennick 2011)

(Tavakol and
Dennick 2011)

Table 1: Comparative summary of standardised scales for AI chatbot evaluation

The table shows a clear division of labour among the instruments. SUS and BUS address
usability at the level of the interface and the interaction. CTPA addresses the cognitive and
affective judgement of reliability that comes before behavioural reliance. ACUS combines us-
ability with predictors of sustained adoption, UES-SF captures the motivational and hedonic
quality of the interaction, and knowledge testing is unique in measuring downstream educa-
tional impact rather than perception. No single scale is enough. A chatbot that is pleasant
to use but not trusted may go unused, while one that is trusted but dull may be respected yet
rarely consulted of the farmer’s own accord. Wherever resources allow, a battery of several
instruments is therefore advisable.
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3.4. Case studies from the literature

Evaluating large language models on soil science questions

(Khanifar 2025) evaluated five generative AI chatbots (GPT-4o, GPT-4o Mini, Claude 3.5
Sonnet, Gemini 1.5 Pro, and Gemini 1.5 Flash) on 105 PhD entrance examination questions
in soil science. Questions were entered in Persian, and GPT-4o was also tested on English
translations to check for a language effect. Responses were scored against the official answer
key. GPT-4o and Claude 3.5 Sonnet performed best, answering about 65% of questions cor-
rectly, while Gemini 1.5 Flash and GPT-4o Mini scored lowest. GPT-4o’s Persian and English
results did not differ significantly. Both leading models did better on the fundamental-level
first section, and the author reports that none of the chatbots handled questions needing mul-
tifaceted analysis or practical experience. This suggests caution about substituting chatbot
output for expert agronomic advice, although one examination-based study cannot settle the
question.

Real-world agricultural deployments and the limits of fluency

Deployed systems beyond this case study show both the promise and the risks of agricultural
chatbots at scale. The Farmer.Chat developers report that RAG-based generative AI can
meaningfully extend agricultural service delivery, citing quantitative usage metrics and qual-
itative farmer feedback gathered across four countries (Singh et al. 2024). In the AgroLLM
study, the authors report that a GPT-4o Mini configuration paired with RAG reached 93% ac-
curacy on agricultural knowledge queries, ahead of baseline models without retrieval (Samuel
et al. 2025). By contrast, (Tzachor et al. 2023) examined ChatGPT’s weed-control advice
for Nigerian cassava farmers through an appraisal of the generated recommendations and
found that, although the responses were technically coherent, they had limited practical use.
It provided no specific information on the growth stage and recommended inputs beyond
what smallholders could afford. This ‘plausibility trap’ illustrates how fluent language can
conceal agronomic inadequacy. This supports the central argument of this review: standard-
ised, multi-dimensional evaluation with instruments such as those in Table 1 is a practical
safeguard before chatbots are trusted with consequential agricultural decisions.

Study System and domain Evaluation approach
Main finding (as
reported)

(Khanifar 2025) Five LLM chatbots;
PhD-entrance soil
science questions
(Persian; English for
GPT-4o only)

Accuracy against the
official answer key

GPT-4o and Claude
3.5 Sonnet best
(about 65% correct);
weaker on the
advanced sections
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Study System and domain Evaluation approach
Main finding (as
reported)

(Tzachor et al. 2023) ChatGPT;
weed-control advice
for cassava farmers,
Nigeria

Appraisal of the
content of generated
advice

Fluent but generic
advice; no
growth-stage
specificity; inputs
beyond smallholder
means (‘plausibility
trap’)

(Singh et al. 2024) Farmer.Chat (RAG);
smallholders in four
countries

Usage metrics and
qualitative farmer
feedback
(developer-reported)

More than 15,000
farmers reached and
over 300,000 queries
handled

(Samuel et al. 2025) AgroLLM (RAG
with GPT-4o Mini)

Accuracy on
agricultural
knowledge queries
(developer-reported)

93% accuracy, ahead
of unaugmented
baseline models

(Silva et al. 2023) GPT-3.5 and
GPT-4; Brazilian
agricultural exam
questions

Accuracy on
exam-style questions,
compared across
prompting strategies

GPT-4 scored higher
than GPT-3.5, and
the prompting
strategy changed the
scores

(Balaguer et al.
2024)

Retrieval
augmentation vs
fine-tuning;
agricultural question
answering

Generated answers
compared with
reference answers for
quality

Each approach did
better than the base
model

Table 2: Selected evaluations and deployments of AI chatbots and large language models in
agriculture, with the evaluation approach used

3.5. Evaluation beyond questionnaires: accuracy, grounding, and risk

Human-like conversational cues can also raise how humanlike and credible a chatbot appears
(Go and Sundar 2019). A polished, friendly bot may therefore score well on usability, trust,
and engagement scales without being more correct. This is another expression of the fluency–
adequacy gap discussed in this review, and it is the main reason subjective scales should be
paired with objective accuracy testing rather than used alone.

Agricultural advice has further requirements. It has to be valid for the local agro-ecology and
crop stage, affordable for smallholders, and delivered in the languages and channels farmers
use. Digital tools are changing who produces agricultural advice and who farmers trust to
give it. Judging a chatbot on its answers alone would miss something. Its place within the
advisory networks that farmers already rely on matters too (Rose and Chilvers 2018; Fielke
et al. 2020; Tzachor et al. 2022).
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4. Discussion

4.1. Critical issues and methodological considerations

Several methodological caveats limit the confidence we can place in existing scale-based eval-
uations. First, a high Cronbach’s alpha confirms internal consistency but not construct or
predictive validity. A scale can be highly reliable and still miss the dimension it claims to
measure, yet few agricultural chatbot studies report confirmatory factor analysis or crite-
rion validity alongside reliability coefficients. Second, the original CTPA has been shown
to be skewed toward positive ratings, which may inflate reported trust scores (Gutzwiller
et al. 2019). This finding should not be generalised to the other instruments reviewed here.
Third, most of the scales reviewed here were validated with urban, higher-education, or
industrial-technology samples. Their psychometric properties have rarely been re-validated
among smallholder farmers who differ in literacy, language, and prior digital exposure, which
raises fair questions about measurement invariance across such groups. Fourth, sample sizes
in applied agricultural case studies are often small, and too small for stable factor-analytic
conclusions, even when the point estimate of reliability looks strong. Finally, subjective
measures (usability, trust, engagement) and objective ones (knowledge tests) coexist, and it
remains unresolved how they should be weighted or combined into one judgement of chatbot
‘quality’. That is an open problem for future psychometric work in this area.

4.2. A staged protocol for evaluating agricultural chatbots

Bringing the scales and the accuracy-based methods together, we propose five evaluation
layers that can be applied in sequence, informed by the evaluation domains discussed by
(Ding et al. (2024)). The five-layer sequence is the framework proposed in this review. The
order matters. Technical accuracy and safety are checked first, because it is not worth asking
farmers to rate a tool that gives wrong advice. Usability, trust, engagement, and learning
outcomes are then measured using accuracy testing combined with the instruments in Table 1
in a pilot with representative users, and the knowledge test links these perceptions to what
farmers actually learn or do.

Layer Core question Candidate measures Data source

1. Technical
accuracy and
grounding

Is the advice correct,
specific, safe, and
affordable?

Expert-scored
accuracy against
reference answers;
groundedness and
hallucination checks;
stage- and
location-specific
rubric

Question bank;
expert panel
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Layer Core question Candidate measures Data source

2. Usability Can farmers use it
easily?

SUS (Brooke 1996);
chatbot-specific
usability scale (BUS)
(Borsci et al. 2022);
task success

Representative users

3. Trust and reliance Do users trust it,
and rely on it
appropriately?

Checklist for Trust
between People and
Automation (CTPA)
(Jian et al. 2000);
observed reliance on
advice

Representative users

4. Engagement and
acceptance

Will they keep using
it?

UES-SF (O’Brien
et al. 2018); ACUS
(TAM/UTAUT
constructs) (Ibrahim
and Nemt-allah
2026); usage logs

Users; platform logs

5. Learning and
outcomes

Did knowledge or
practice improve?

Pre- and post-test
knowledge test
scores; follow-up on
practice adoption

Pre/post cohort

Table 3: Proposed five-layer protocol for evaluating AI chatbots in agriculture

Whichever layers are used, reliability should be reported for the study’s own sample and
language, not assumed from the original validation, and sample sizes should be large enough
for the factor-analytic checks that justify using a scale in a new population. Instruments
translated for farmers should be piloted for comprehension, and positive-response bias should
be considered when interpreting scores.

4.3. Future perspectives

Chatbot evaluation is likely to move toward advanced analytics, real-time feedback loops, and
adaptive learning algorithms that keep recalibrating advisory content from aggregated farmer
interactions. Linking chatbot platforms with Internet of Things (IoT) sensors, drone-based
imaging, and predictive crop models could make generated advice considerably more rele-
vant to local context in precision agriculture (Kamilaris and Prenafeta-Boldú 2018). Building
standardised usability, trust, and engagement instruments into deployment pipelines, rather
than running them once as a post-hoc study, would also allow quality to be monitored contin-
uously at scale. Culturally adaptive, multilingual, and voice-first features will stay essential
for widening access among rural and underserved groups, particularly women and low-literacy
users who have historically been left out of intermediary-dependent extension services. Future
work on scale development should prioritise validation directly with smallholder farmers, de-
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velop hybrid instruments that capture usability, trust, and factual accuracy in one validated
framework, and report both reliability and validity evidence transparently so that studies can
be compared.

4.4. Limitations of this review

This review is a narrative synthesis and not a systematic review with a registered protocol, so
some relevant studies may have been missed. Only English-language sources were considered,
and several agricultural chatbot evaluations are available only as preprints or conference
papers that have not been peer-reviewed. Reported figures for deployed systems (for example,
usage and accuracy) come from the developers’ own reports and were not independently
verified. The proposed protocol is conceptual and has not yet been tested against a single
chatbot in the field.

5. Conclusion

AI chatbots are a genuine advance for agricultural information dissemination and decision
support, but their value is realised only when usability, trustworthiness, engagement, and
educational impact are measured rigorously and transparently. This review has synthesised
five standardised instruments (the System Usability Scale, Chatbot Usability Scale, Checklist
for Trust between People and Automation, AI Chatbots Usage Scale, and User Engagement
Scale) and the knowledge-testing method together with the statistical reasoning of Cronbach’s
alpha behind their reliability claims. The case study from the literature on soil science ques-
tion answering, together with real deployments such as Farmer.Chat and AgroLLM, show that
standardised evaluation is both feasible and necessary. We propose a five-layer protocol that
places accuracy checks before perception measures and ends with learning outcomes. As gener-
ative AI chatbots become part of extension and advisory systems, researchers, developers, and
policymakers must make sure that adoption decisions rest on validated, context-appropriate
measurement and not on the persuasive fluency of chatbot output alone.

INFO Declaration of any AI tool

Artificial intelligence (AI) tools were used solely for grammatical correction and lan-
guage improvement. The authors reviewed and verified all content and take full
responsibility for the accuracy and integrity of the manuscript.
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