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Abstract—In the medical field, AI has made its mark, and
almost every medical profession has experienced the development
of a chatbot to check symptoms and provide instructions to the
owners at an early stage. However, determining the safety and
reliability of these tools will be challenging since pets are unable to
self-report their symptoms, and the input for the chatbot will often
be from the pet owner's perception. This may make it difficult to
interpret symptoms, assess urgency, and communicate safety
advice. This research proposes and adopts a systematic
framework for a controlled pet health evaluation scenario to assess
an Al-based veterinary symptom assessment Chatbot. The
framework evaluates the chatbot's reactions in four areas —
diagnostic accuracy, triage behaviour, safety communication, and
usability. It is compared with the benchmark results set by experts
for controlled owner-style scenarios, and a detailed analysis of the
failures of this chatbot’s response is conducted using an
interaction-stage error taxonomy. The framework was applied to
one veterinary chatbot using 13 controlled owner-style scenarios.
Each scenario was evaluated once as a single-turn interaction. The
findings showed variation across the four evaluation dimensions,
particularly in triage behaviour and safety communication. These
findings should be interpreted as evidence from this controlled test
setting and should not be generalised to all veterinary chatbots or
to real-world clinical use. The study demonstrates how owner-
style symptom input, expert benchmarking, multidimensional
scoring, and interaction-stage error analysis can be combined
within a veterinary-focused evaluation framework.
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1. INTRODUCTION

Artificial intelligence is increasingly being used in
healthcare to support information access, decision-making, and
early symptom guidance. In veterinary practice, similar tools are
emerging to help pet owners understand possible causes of
illness and decide whether veterinary care may be needed [1],
[2]. However, evaluating these tools is challenging because pet

owners rather than clinicians usually provide veterinary chatbot
input, and pet-owner descriptions may be informal, incomplete,
or based on observation rather than clinical knowledge [3], [4].

The key unresolved problem is how symptom-assessment
chatbots can be evaluated safely in veterinary contexts where
clinical input is provided by pet owners rather than clinicians. In
the real world, however, the symptoms are often ambiguous and
incomplete, and responses generated and interpreted by the
chatbots are not always certain [3], [4].

This is important as pet owners might rely on the chatbot's
guidance and act faster or slower to visit the veterinarian.
Without clear communication of urgency, or if the advice is not
complete, then care may not be provided immediately. In
veterinary practice, this translates to animal welfare issues being
direct, because they can't report their symptoms, and decisions
made in clinical practice are based on the owners' information

(31, [3], [6].

Results from previous veterinary Al research have shown the
potential of such systems and limitations in assessing the
performance of chatbots. Jin et al. [1] studied the application of
artificial intelligence in animal health care as a tool for clinical
decision-making. Structured veterinary data were used for
testing the diagnostic support. The results demonstrated that Al
was able to achieve high levels of performance in a controlled
setting. But very little evidence of the performance of these
systems in cases of informal symptom descriptions by pet
owners. This is significant to the present study because it
suggests that the evaluation should take place under conditions
of owner-mediated evaluation.

Dhotay et al. [7] developed an Al-based pet care system,
which comprised a medical diagnosis image system and a
chatbot. Disease detection was done using a deep learning
model, and user interaction was achieved using a chatbot
system. The performance of the system was satisfactory.
However, the assessment was mostly about the role of the

1142|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

system and not the situation of the triage, safe communication,
or actual user actions.

Human-health symptom checker studies provide useful
guidance for controlled evaluation. Semigran et al. [8] evaluated
online symptom checkers using standardised clinical scenarios.
The study assessed both diagnostic accuracy and triage advice.
The findings showed variation in both diagnosis and urgency
recommendations. Although the study was conducted in human
healthcare, it is relevant because it shows why diagnostic
accuracy and triage behaviour should be assessed separately.

Gilbert et al. [9] compared digital symptom assessment apps
with general practitioners using clinical vignettes. The study
examined condition suggestions and urgency advice across
different systems. The findings showed variation in diagnostic
performance and urgency advice. However, the study remains
based on human healthcare, where patients can report their own
symptoms. This is relevant to the present study because
veterinary evaluation must account for owner-mediated
symptom reporting.

Safety and framework-related studies also support the need
for a broader evaluation approach. Bickmore et al. [6] examined
safety risks in conversational agents used for medical
information. The study found that such systems can provide
incomplete or unsafe advice. This is relevant because veterinary
chatbot responses may also influence owner decision-making if
risk and urgency are not communicated clearly.

Hua et al. [2] conducted a review of the evaluation of health
care Al chatbots and suggested a structured evaluation process.
The study also concluded that some parameters like
effectiveness, safety, usability, and transparency need to be
assessed. However, it's not just about veterinary symptom
assessment. This underscores the need for a veterinary-specific
approach that combines diagnostic accuracy, triage behaviour,
safety communication, and usability.

Overall, these studies demonstrate the potential of Al-
powered chatbot systems, although the results of their evaluation
have been mixed. Studies focus either on technical performance
or accuracy, or on triage, safety, or evaluation frameworks.
Previous studies have integrated these areas, but their combined
evaluation in veterinary symptom-assessment settings remains
limited, particularly when symptoms are described by pet
owners [10], [2], [11].

The purpose of this study is to develop and apply a structured
assessment methodology to test an Al-based veterinary
symptom assessment chatbot in simulated veterinary scenarios,
focusing on the diagnostic performance, triage behaviour,
communication of safety, usability, and error patterns of the
chatbot.

This study presents an approach to evaluation that is specific
to the veterinary field, combining a multi-dimensional
evaluation and the use of realistic scenarios. The framework also
considers the place where the error occurs in the interaction
process, so that before the use of the chatbot is done on a large
scale in the natural environment, the error can be understood in
more detail.

Vol. 17, No. 8, 2026

II.  RECENT WORK AND FRAMEWORK RATIONALE

A. Veterinary AI and Chatbot Use

In veterinary healthcare, Al tools are being increasingly
experimented with for clinical decision support, education,
communication with pet owners, and early guidance on
symptoms [12], [13], [3], [1], [14]-[15], [16], [17]. However,
evidence specifically evaluating veterinary chatbots used
directly by non-expert pet owners remains limited.

Huang and Chueh [18] examined pet owners' intention to use
a veterinary consultation chatbot. Based on their study, they
found that perceived usefulness, trust, satisfaction, and system
quality have an impact on user acceptance. Abani et al. [19]
discussed the use of ChatGPT in a veterinary neurology case,
while Sousa et al. [20] tested the performance of LLM's on
veterinary undergraduate multiple-choice questions. These
studies provide useful evidence on Al use in veterinary settings,
but they do not directly examine how chatbots respond to
informal owner- style symptom descriptions across different
levels of urgency [21].

Wong et al. [4] provide more direct veterinary evidence by
examining Al-supported triage in canine emergency cases,
while Jokar et al. [3] highlighted AI chatbots from the
perspective of pet-owner use and risks such as over-reliance,
misunderstanding, inappropriate advice, or delayed veterinary
care. Together, these studies support the need to consider
diagnosis, urgency, safety communication, and owner-facing
advice when evaluating veterinary chatbots.

Overall, the veterinary literature addresses the important
parts of chatbot evaluation, but these aspects are usually
examined separately. The present study therefore uses
controlled owner-style scenarios to examine these aspects within
one evaluation process. A summary of the veterinary evidence
is provided in Supplementary Table S1, with detailed study
mapping provided in Supplementary Appendix A.

B. Human-Health Symptom Checker Evaluation

Since veterinarian chatbot research is at its early stages, it
may be beneficial to take some ideas from human health
symptom checkers. Semigran et al. [8] and Gilbert et al. [9] used
clinical vignettes to compare diagnostic and urgency-related
performance [22], [23], [24], while Ben-Shabat et al. [25]
showed how to use a series of clinically standardised vignettes
to analyse the information that users provide to chatbots used to
check symptoms. These studies provide useful methodological
examples for controlled chatbot evaluation.

However, these methods cannot be transferred directly to
veterinary symptom assessment. Human patients can describe
their own pain, duration, severity, and associated symptoms,
whereas veterinary information is usually provided indirectly
through observations made by the pet owner. Owner
descriptions may therefore be less clinical, incomplete, or
uncertain. For this reason, the present study adapts controlled
scenario testing to owner-style veterinary symptom descriptions
rather than directly applying human-health cases.
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Human-health evidence is therefore used in this study as a
methodological reference rather than as a veterinary
performance standard. Selected methods for human health
evaluation are summarized in Supplementary Table S2 to
illustrate the applicability of these methods to veterinary chatbot
research, as well as the main drawback: that transferring these
methods directly to veterinary chatbot research is not suitable.

C. Chatbot Evaluation Frameworks and Reference Standards

Healthcare chatbot research shows that evaluation should
consider more than diagnostic performance alone [26]. Abd-
Alrazaq et al. [11] conducted a scoping review of technical
metrics used in a variety of healthcare chatbot studies and found
that many studies employed assessments such as accuracy,
response quality, usability, and system performance. Ding et al.
[27] added a broader view by considering evaluation as a staged
process. Their framework describes assessment across
feasibility and usability, efficacy, effectiveness, and
implementation. These studies support the use of structured and
multidimensional evaluation rather than relying on a single
performance measure [28].

Reporting standards are also important for transparent
chatbot evaluation. The CHART Collaborative [29] described
the development of a reporting guideline for chatbot health-
advice studies, followed by the CHART reporting guideline in
2025. These sources support clear reporting of the evaluation
process, including the scenarios used, scoring approach,
benchmark comparison, and interpretation of safety-related
responses.

These healthcare frameworks and reporting approaches
provide useful methodological guidance, but they are not
designed specifically for owner-mediated veterinary symptom
assessment. The present study therefore adapts these principles
to a veterinary context by combining defined evaluation
dimensions, controlled owner-style scenarios, expert benchmark
comparison, and structured analysis of chatbot responses. The
methodological approaches of the reviewed studies are
classified in Supplementary Table S3.

D. Designing Controlled Pet Health Scenarios

The purpose of using pre-defined pet-health cases in the
present study is explained in the methodological section.
Clinical vignette methods have been employed extensively in
research for human-health symptom checkers because they
enable human responses to system scenarios to be investigated
safely and consistently. In this study, the concept is expanded to
be used in veterinary medicine, where the symptoms are
typically reported by the pet owner and not the pet itself [25],
[30], [8]. However, veterinary symptom assessment differs
because the information is normally provided by a pet owner
rather than directly by the patient. The owner may describe
changes in behaviour, appetite, movement, breathing, or
appearance without using clinical terminology.

Previous work also demonstrates that much of the testing of
chatbots employs structured datasets, clinical cases, or pre-
defined prompts instead of user-provided lay descriptions. For
instance, symptom checkers were assessed through clinical
vignettes in the works of Gilbert et al. [9] and Hammoud et al.
[30]; and clinical case information was used to assess emergency
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triage in veterinary medicine in the work of Wong et al. [4].
These methods facilitate a comparative analysis of systems, but
do not necessarily reflect the uncertainty added by the reporting
of symptoms by non-expert individuals.

Based on this, the present study employs veterinary
scenarios that are presented as though written by an owner. This
will enable the comparison of the responses produced by the
chatbot to the expected veterinary reference outcomes while
maintaining the possibility of the information appearing in a
non-clinical context. However, these scenarios do not reproduce
pet-owner emotions, follow-up questions, or real-world
decision-making, so the findings should be interpreted as
controlled chatbot-performance results rather than evidence of
real-world outcomes. The differences between selected studies
in terms of data source, input format, and validation context are
summarised in Supplementary Table S4.

E. Literature Mapping Overview

The included studies vary in the nature and quality of
evidence. Some are empirical comparisons, vignette-based tests,
while others are user acceptance or practical risk discussions.
These differences are significant when considering the quality
of evidence that these sources can provide in the current study.
Selected studies were summarized in Supplementary Table S5
based on the following criteria: evidence type, evidence
validation, usefulness, and key limitation.

Overall, the reviewed evidence addresses different parts of
veterinary chatbot evaluation rather than all aspects within a
single study. Some sources contribute methods for diagnostic or
triage benchmarking, while others inform usability, safety, risk,
or user acceptance. Supplementary Appendix Table D2 further
distinguishes between claims reported by the original authors
and the interpretation used in the present review, providing
transparency in how the literature was applied to the framework.

F. Literature Search and Study Selection

The search was conducted in the Scopus, Web of Science,
PubMed, IEEE Xplore, and Google Scholar databases for this
review. The databases were chosen due to their coverage of
healthcare, veterinary, computing, and health-technology
research. Combinations of the following keywords were used for
the search: veterinary chatbot, pet health chatbot, Al symptom
checker, digital triage, clinical decision support, clinical
vignette, health chatbot evaluation, and chatbot reporting
guideline. The terms were merged to find studies involving the
use of Chatbots in the healthcare and veterinary sectors, along
with the assessment of symptoms and evaluation methods. The
focus of the review was primarily on peer-reviewed studies
published between 2015 and 2026, which aligns with the most
recent advancements in Al chatbots, symptom checkers, and
assessment methods.

Studies were included when they examined chatbots or
symptom checkers in human or veterinary healthcare, described
an evaluation method, or addressed diagnostic accuracy, triage
behaviour, usability, safety communication, or reporting
transparency. Studies were excluded if the chatbot was not
oriented to healthcare or failed to provide sufficient
methodological details, or if the study was not clearly about the
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symptom assessment, decision support, or evaluation of the
chatbot.

The following study characteristics were assessed in each
study included in the study: diagnostic accuracy, triage
behaviour, usability, safety communication, and reporting
transparency. Each dimension was coded as Full, Partial, or
Absent. A Full rating was used when the dimension was directly
evaluated with evidence. A Partial rating was used when the
dimension was discussed or indirectly addressed but not
systematically assessed. An Absent rating was used when the
dimension

G. Evaluation Dimensions

The present study assesses the accuracy of the veterinary
chatbot answers in terms of diagnostic ability, triage attitude,
usability, communication of safety, and transparency of
reporting. These dimensions were selected because existing
studies often examine only one or two aspects of chatbot
performance, rather than considering how response accuracy,
urgency advice, user-facing clarity, and reporting quality work
together. Supplementary Table S6 compares how selected recent
studies address these dimensions. The Full, Partial, and Absent
ratings are used descriptively to show whether each aspect was
directly evaluated, discussed indirectly, or not examined; they
are not intended to rank the overall quality of the studies.

The four dimensions are linked to the study research
questions. RQ1 addresses diagnostic accuracy, RQ2 triage
behaviour, RQ3 safety communication, and RQ4 usability and
design improvement. The seclected limitations have been
mapped in a stage-based manner in Supplementary Appendix
Table E1 to illustrate where problems can occur in the process
of inputting symptoms, reasoning, and communicating advice.

H. Ethical and Practical Considerations

Veterinary chatbots should be seen as a tool to assist rather
than to replace professional veterinary assessments [31]. A key
safety concern is that pet owners may take action on the advice
of the chatbot without realizing its uncertainty, urgency, and the
restrictions of automated advice. Jokar et al. [3] highlight this
concern in relation to pet-health chatbots, where over-reliance
or misunderstanding may delay appropriate care. For this
reason, evaluation should consider whether the chatbot clearly
communicates uncertainty, urgency, and the need for
professional veterinary care.

However, current evidence provides limited detail on how
safety features work when pet owners use chatbots without
professional support. Safety concerns are often discussed, but
less often tested through user-facing interaction. For example, it
may not be clear whether escalation advice is specific enough
for an owner to understand when urgent veterinary care is
needed. This issue is important because unclear advice may
affect animal welfare if it contributes to delayed or inappropriate
action.

The use of veterinary chatbots may also raise legal and
regulatory issues. These requirements can differ between
countries and may depend on how the chatbot is used. In
Australia, veterinary practice is regulated at the state and
territory level. Privacy is also important if a chatbot collects or
uses personal information from pet owners. Consumer
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protection may also be relevant if a commercial chatbot makes
claims about its performance or capabilities. Therefore,
veterinary chatbots should clearly explain their limitations,
handle user information appropriately, and advise owners to
seek professional veterinary care when needed.

The broader alignment between the literature gaps and the
study research questions is summarised in Supplementary Table
S7. Selected ethical and safety risks are summarised in
Supplementary Table S8 [3], [5], [6]. Together, these materials
support the study’s focus on safe and clearly communicated
veterinary chatbot advice.

III. METHODS

A. Study Design

The design used for this study was a scenario-based design
to test the answer responses to an Al-based veterinary symptom-
assessment chatbot. The assessment process included
standardized pet owner scenarios, clearly stated benchmarks for
the veterinary response, a rubric to score, and qualitative
examination of errors. The chosen design was based on the fact
that inputs from veterinary chatbots are usually from the owner
of the animal, who observes the animal and describes the
symptoms.

The evaluation focused on four dimensions: diagnostic
accuracy, triage behaviour, safety communication, and usability.
These dimensions were selected to assess both the clinical
relevance of chatbot advice and the clarity of the information
provided to pet owners. A stage-based error taxonomy was also
used to identify whether response problems occurred during
symptom interpretation, diagnostic or triage reasoning, or
communication of advice.

B. Development of the Proposed Evaluation Framework

The reviewed literature shows that Al-based veterinary
symptom-assessment chatbots may support pet owners by
providing early information and assisting initial decision-
making, but concerns remain about over-reliance, uncertainty,
and safe use in animal-health contexts [3]. More broadly,
healthcare chatbot evaluation remains inconsistent across
studies, particularly in how performance, usability, and safety
are assessed [32], [33], [11]. This creates challenges for
evaluating diagnostic accuracy, triage behaviour, safety
communication, and usability within the same assessment
process.

Research has shown the importance of a clinical-vignette
testing and comparison tool for the accuracy of human health
symptom checkers [25], [30], [9]. These techniques have to be
modified for veterinary use, as animal symptoms are generally
interpreted and reported by the owner. Wong et al. [4] also
demonstrate the importance of direct assessment of urgency
classification in veterinary triage.

Incongruence in safety communication and response is also
relevant, as conversational agents can give users information
that is incomplete or ambiguous when making decisions about
health care [6]. More recent evaluation frameworks and
reporting guidelines also highlight the importance of evaluating
chatbot responses on multiple dimensions and reporting
strategies to be transparent [34], [10], [2]. This evidence is taken
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into account in the development of the proposed framework in
the present study.

The proposed framework relates the gaps in the literature to
the study's research questions and evaluation dimensions. It uses
real-life veterinary scenarios, reference benchmarks from
experts, chatbot response testing, scoring, and error analysis to
assess clinical and user experience-based aspects of chatbots.
This process is shown in a workflow in Fig. 1.

1. Literature-Informed Research Gaps .
% Novel 1

Owner-mediated
veterinary input |

» Fragmented evaluation of accuracy, triage, safety, and usability
« Limited use of owner-mediated symptom inputs

« Limited veterinary-specific chatbot validation

« Lack of expert benchmark comparison

l

Framework Response: Converting literature gaps into an operational veterinary
chatbot evaluation workflow

|

2. Integrated multi-dimensional evaluation

7 7
Diagnostic Triage Safety

Usabilit
Accuracy Behaviour i

Communication
oo i i ||t | B * Novel 2
correctness of £ warnings and care usefulness for pet Integrated

diagnosis direction. guidance Gunars: 4-dimension
\ / s evaluation

3-point scoring scale of accuracy, triage, safety, and usability
1 = incorrect/unsafe, 2 = partial, 3 = correct/safe/appropriate

l

3. Owner-style scenario design and scenario bank

Owner-style

Expert-validated | Expert benchmark Chatbot testing
symptom input

Bosrinelos diagnosis and triage | standardised single-
reference standard | turn scenario input
Realistic symptoms | Reviewed by experts
as described by pet
owners

Expected diagnosis and

|

4. Qualitative Error Analysis: Input, r
output issues

Same scenario input Expert
provided to the benchmark
chatbot comparison

and
‘ + Novel 4

Input Reasoning Output Interaction-stage

error mapping

Advice

Sympbon —» | Diagnostic/triage
Y % | =>| communication
errors

interpretation
errors

reasoning error:

|

5. Design recommendations and future framework
refinement

Casestudy | Framework | Scoring | Validation | Design  Novel 5 1

scenario H H ation |

Case study |

Realistic | Apply fr L | Interpret: its | Findi ed t i i
| Apply framework | Score chatbot | Interpretsresuits { Findings used to validation |

Veterinary | tothecase |  responses | and compare with §  improve chatbot
Bt H 1 1 expert benchmark | design pathway

{

g Future Refinement Loop y

Fig. 1. Core workflow of the veterinary chatbot evaluation framework.

The framework links gaps in the literature with designing
scenarios by the owner, the expert diagnosis and triage
standards, standardized single-turn chatbot testing, a 3-point
score, qualitative error analysis, design recommendation, and
further development of the framework (Table VI). The future
refinement loop will be a continuation of the improvement
process of the framework, but not repeated testing with the same
set of data as part of this loop. The major gaps in the literature
were turned into research questions and components of the
research framework. Some components shown in Fig. 1 build on
earlier evaluation approaches rather than representing entirely
new concepts. Multidimensional chatbot evaluation, shown as
Novel 2, has already been considered in healthcare research,
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including Abd-Alrazaq et al. [11] and Hua et al. [2]. Expert
benchmark comparison (Novel 3) and case-based evaluation
(Novel 5) also build on methods used in earlier studies. In
comparison with these approaches, the present study adds
owner-mediated veterinary symptom input (Novel 1) and
interaction-stage error mapping across input, reasoning, and
output communication (Novel 4). These elements are brought
together within one controlled veterinary symptom-assessment
process. This alignment is summarised in Table I:

TABLE 1. TRACEABILITY BETWEEN RESEARCH GAPS, RQS, AND
FRAMEWORK COMPONENTS
. Research Evaluation Framework
Literature Gap . . .
Question Dimension Component
Limited realism
in chatbot
evaluation, . .
especially in | RQI Diagnostic Pet-ovs(ner-style
. accuracy scenario bank
relation to pet-
owner symptom
descriptions
Limited Expert benchmark
assessment  of Triage comparison usin,
triage and | RQ2 e P &
behaviour expected urgency
urgency
- levels
behaviour
Limited Output evaluation
assessment  of RQ3 Safety focusing on warnings,
safety communication | escalation advice, and
communication urgency signalling
Limited - Assessment of
Usability and .
assessment  of . response clarity,
- RQ4 design .
usability and . structure, and practical
. improvement
response clarity usefulness
Framework combining
Fragmented RQI- Combined diagnosis, triage,
evaluation RQ4 evaluation safety communication,
across studies dimensions usability, scoring, and
error analysis

Source: Author’s synthesis based on reviewed literature and framework design

Table I shows how each research question is linked to an

evaluation dimension and a practical framework component.

This improves the traceability of the study design and shows

how the framework responds to the main limitations identified
in earlier chatbot and symptom-checker research.

C. Scenario Construction and Benchmarking Protocol

The veterinary scenarios' development, checking, and
application were assisted by a well-defined scenario protocol,
which was also supported by the evaluation framework. This
protocol was employed to facilitate the uniform comparison of
the answers of the chatbots with the veterinary reference
answers. It also determined the evaluation of each response in
terms of diagnostic accuracy, triage behaviour, safety
communication, and usability.

D. Scenario Development

A total of 13 veterinary clinical scenarios related to common
cases presented to veterinarians involving gastrointestinal,
respiratory, musculoskeletal, dermatological, urinary, toxic
ingestion, and general ill health of pets were included. The
scenarios were created using veterinary reference materials and
expert review [35], [36], [37], [38], [39]-[40], [41]-[42]. In this
study, “pet-owner’s voice” refers to the use of simple, non-
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clinical language to describe observable symptoms and relevant
contextual information, rather than using professional veterinary
terminology or diagnostic labels. The veterinary reference
material, clinical source/provenance, and development rationale
for each scenario are provided in Supplementary Appendix E2.
The expert benchmark process is described separately in Section
E (Expert Benchmark Development).

Symptom-checker research typically uses the clinical
vignette approach as it enables the ability to test systems safely
and consistently [43]. Some researchers, such as Ben-Shabat et
al. [25], employed clinical vignette methods to analyze how
information is being collected from the users by chatbot-based
symptom checkers. The same approach has been used in the
current study, but symptoms are reported by owners of the
animal, not directly by the animal.

Each scenario included basic contextual details such as
species, approximate age, symptom duration, and relevant
behavioural or environmental information. The scenario bank
also included different urgency levels, including emergency,
moderate, and non-urgent cases. This allowed the chatbot to be
assessed across different levels of clinical risk.

Table II summarises the scenario bank used in the study. A
detailed wversion, including owner-language descriptions,
clinical source/provenance, and development rationale, is
provided in Supplementary Appendix E2.

Vol. 17, No. 8, 2026

Alleroic Monitor and
S11 Dermatology Non-urgent g1 schedule
dermatitis .
consultation
Urinary Immediate
S12 Urinary Emergency obstruction veterl_nary
attention
Ligament Veterinary
S13 Orthopaedic Mode rate injury consultation
suspected required

Source: Author’s synthesis based on veterinary guidelines and scenario design

Note: Detailed owner-language descriptions, clinical source/provenance, and scenario development
rationale are provided in Supplementary Appendix E2.

Table II shows the controlled clinical scenarios used in this
study. These scenarios are designed to represent common
veterinary situations and are written using owner-style
descriptions to reflect how symptoms are usually reported in real
life. The level of symptom complexity varies across cases,
including both clear and uncertain situations. Each scenario
includes a benchmark diagnosis and triage level based on expert
understanding, which allows comparison with chatbot
responses. This approach provides a structured and safe way to
evaluate chatbot performance while avoiding the risks of real
clinical testing.

E. Expert Benchmark Development

Each scenario was linked to a benchmark outcome that
included the expected diagnosis, urgency level, and
recommended next step. These benchmarks were developed
using veterinary reference materials and expert review. The

TABLEIL  SCENARIO BANK SPECIFICATION purpose of this step was to provide a clinically meaningful
Benchmar comparison point for evaluating chatbot responses.
Scenar Clinical Urgency K Benchmark . .
io ID Domain Level Diagnosis Triage Two experts reviewed the 13 scenarios. Full agreement was
- observed in 5 out of 13 scenarios and partial agreement in 8 out
Veterinary . . . .
o Gastroenter | consultation of 13 scenarios. Partial agreement mainly reflected differences
81 Gastrointestinal | Moderate | .. recommende in terminology or diagnostic specificity rather than major
d clinical disagreement. For example, labels such as
. Immediate “gastroenteritis” and “gastrointestinal illness” were treated as
. Respiratory . .. . .
S2 Respiratory Emergency | j.ot veterinary closely related when the clinical meaning was aligned.
attention
Minor Monitor and Table III presents the expert comparison and final
S3 Musculoskeletal | Non-urgent | injury/sprai | schedule benchmark outcomes.
n consultation
. Veterinary TABLEIIl.  EXPERT BENCHMARK RELIABILITY
. Diabetes :
S4 Endocrine Moderate . consultation
mellitus required Scenari Expert 1 Expert 2 Agreeme Final
Immediate olID Diagnosis Diagnosis nt Benchmark
S5 Cardiac Emergency Cardiac veterinary S Gastroenteriti | Gastroenteriti | Full Gastroenteriti
emergency ; s s agreement | s
attention 2
Monitor and S Respiratory Respiratory Full Respiratory
S6 D Dermatitis/ ; distress distress agreement | distress
ermatology Non-urgent I routine 2
atlerey consultation . Minor . .
Minor Partial Minor
Gastrointest Veterinary S3 injury/sprain mqsguloskelet agreement | injury/sprain
S7 Gastrointestinal | Moderate inZT irl(l):;s? consultation al injury
required S4 Diabetes Diabetes Full Diabetes
Non- Veterinary mellitus mellitus agreement | mellitus
General/non- . : . . . .
S8 specific Moderate specific consultation S5 Cardiac Cardiac arrest | Partial Cardiac
P illness required emergency suspected agreement | emergency
. Chocolate Immgdmte S6 Dermatitis Al]ergl_c . Partial Al lerglg .
S9 Toxicology Emergency .. veterinary dermatitis agreement | dermatitis
toxicity . - - — - - -
attention $7 Gastrointestin | Gastroenteriti | Partial Gastrointestin
Upper Monitor and al illness s agreement | al illness
S10 Respiratory Non-urgent respiratory | routine S8 Non-specific | General Partial Non-specific
infection consultation illness illness agreement | illness
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Chocolate TOXIC . Partial Chocolate
89 toxicit ingestion agreement | toxicit
Y (chocolate) g Y
Up per Partial Upp et
S10 respiratory URI respiratory
. . agreement | . .
infection infection
11 Allergic Dermatitis Full Allergic
dermatitis (allergic) agreement | dermatitis
S12 Urinary Feline urinary | Full Urinary
obstruction blockage agreement | obstruction
Ligament Crucmte Partial Ligament
SI13 injus ligament agreement | inju
yury injury g yury

Source: Author’s synthesis based on expert benchmark development.

Note: There was 38.5% (5/13 scenarios) agreement between experts and 61.5% (8/13 scenarios) partial
agreement. All differences were settled by consensus. The differences were generally terminological
and did not appear to affect the overall consistency of the benchmark dataset.

The expert review revealed a clinically consistent overall
benchmark set. When any differences were found, they were
primarily about terms or level of detail, rather than about
conflicting clinical judgment. One benchmark diagnosis was
reached for each scenario through all partial agreements being
settled in a discussion process.

Because the experts did not use predefined diagnostic
categories, Cohen’s kappa was not calculated. The purpose of
this comparison was to develop a common benchmark for the
scenarios rather than to measure formal inter-rater reliability.
Therefore, the agreement percentages are reported only as a
descriptive measure. As only two experts were involved, the
statistical strength of the benchmark is limited.

F. Tested System and Query Procedure

The chatbot used in this research was PetAiVet, and it was
accessed through its standard user interface. During testing, the
API, modifications to the backend, coding, and custom
configuration were not used. The public-facing platform did not
disclose the underlying AI model name or model version.
PetAiVet publicly describes its Al as being trained on veterinary
case studies, nutrition research, animal psychology studies, and
best practices; however, a specific underlying model and version
are not identified. Therefore, no specific model version is
reported in this study.

All veterinary case scenarios were coded as single-turn
interactions provided in terms of pet-owner. To minimise
variations in the way the case information was provided to the
chatbot, the same input format was employed in all scenarios.
There was no follow-up input, correction, or clarification after
the initial scenario input. This facilitated uniformity in the
testing of the cases.

The chatbot's answer for each scenario was noted down
verbatim as the bot provided it. No editing, truncation, or
rephrasing of responses for analysis. The diagnosis and urgency
level of each recorded output were then compared to the expert-
defined benchmark.

Vol. 17, No. 8, 2026

G. Chatbot Setup and Evaluation Control

Consistency and transparency were achieved by using the
same testing conditions for all scenarios. The scenarios were fed
as individual single-turn interactions in a predetermined pet-
owner-style data format. No follow-up prompts, corrections, or
further clarifications were given following the scenario input.
This helped to ensure each response was only based on the
information provided in that scenario.

Session handling was kept consistent throughout evaluation.
To eliminate the influence of previous responses on subsequent
outputs, each case was treated as an independent interaction. The
following input information was applied to all cases: pet type,
primary symptoms, how long symptoms have persisted, and the
context in which they are present (if applicable).

All the information the chatbot provides was captured in real
time and word for word. There were no edits, truncations, or
rewording of responses before scoring. The scoring process
outlined in Table IV was then used to compare each output with
the benchmarking determined by the experts for diagnosis and
level of urgency.

No runs were repeated for the same scenario. The decision
was taken because it would not be fair to the case to have the
evaluation differ from one case to the next, and it would not be
fair to the pet owner to get different advice the first time he or
she called. But this also means that response variability over
repeated prompts is not evaluated.

H. Evaluation Metrics and Scoring Procedure

The responses of the chatbot were analyzed according to four
scored dimensions: diagnostic accuracy, triage behaviour, safety
communication and usability. These dimensions were chosen to
assess how clinically relevant the response was and the clarity
of the advice given to pet owners.

In addition to the scored dimensions, stage-based error
analysis was used to identify where problems occurred in the
response process. This component was not scored numerically.
Instead, it was used as a qualitative tool to classify whether
issues were mainly related to symptom interpretation, diagnostic
or triage reasoning, or communication of advice.

Table I'V defines the scoring criteria used in this study. Each
dimension was scored using a three-point ordinal scale, where 1
indicates poor or unsafe performance, 2 indicates partial or
limited performance, and 3 indicates appropriate performance.

A consistent way to assess the chatbot's answers for the
scenario set is given in the scoring rubric. Diagnostic accuracy
and triage behaviour assess clinical alignment, while safety
communication and usability examine how advice is presented
to pet owners. For example, if a chatbot recommended home
monitoring in a scenario requiring immediate care, triage
behaviour was scored as 1. If the urgency advice matched the
expert benchmark and gave clear next steps, it was scored as 3.
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TABLEIV.  EVALUATION METRICS OPERATIONALISATION
]IZ);/::I?:;::: Definition Measurement Method Scoring Rule RQ Linked
b hich fhe chatb c natbot di . 1 = Incorrect: diagnosis unrelated or misleading
Diagnostic egree to which the - chatbot ompare  chatbot  diagnosis 2 = Partially correct: general condition identified
A correctly identifies the clinical | with expert-defined b i RQ1
ccuracy .. . . ut lacks specificity
condition benchmark diagnosis . .
3 = Correct: matches expert benchmark diagnosis
1 = Unsafe: clear under-triage or over-triage
Triage Appropriateness ~ of  urgency | Compare chatbot urgency | 2 = Acceptable: directionally correct but unclear or
Behiviour recommendation provided by the | advice with expert-defined | incomplete RQ2
chatbot triage level 3 = Correct: matches expert urgency level with
clear guidance
1 = Absent: no safety advice or warnings
Assess whether the chatbot o .
. . . 2 = Limited: vague or incomplete safety
Safety Clarity and presence of safety | provides appropriate | :
. . . L . information RQ3
Communication | advice, warnings, and risk signals | warnings and  next-step . . . . .
guidance 3 = Clear: explicit warnings with appropriate action
guidance
Eval dabili 1 = Poor: confusing, unclear, or difficult to follow
.. Clarity, structure, and ease of valua te' readability, 2 = Moderate: somewhat clear but lacks structure
Usability . organisation, and usefulness . RQ3
understanding of chatbot response of response or detail
3 = Good: clear, structured, and easy to understand

Source: Author’s framework based on scenario-based evaluation design

Note: A three-point ordinal scale (1-3) was used across all dimensions to maintain consistency and allow straightforward comparison between scenarios. Table IV operationalises the scored framework dimensions;
stage-based error categories are separately defined in Table V.

TABLE V. STAGE-BASED ERROR TAXONOMY
Failure Type Interaction Stage Description Example Severity Level Detection Rule
. The chatbot does not identify .. . Recorded when key symptoms in the
Missed Toxic ingestion not . :
Input stage or respond to a key symptom . Moderate scenario are not recognised or addressed
symptom queried .
needed for assessment. in the chatbot response.
The chatbot‘ interprets _ the Poisoning Recorded when the chatbot diagnosis
Incorrect . symptoms incorrectly  or . : . . .
. . Reasoning stage . misclassified as | High does not align with the expert
diagnosis suggests an unsuitable | . .
o indigestion benchmark.
condition.
The ~chatbot — recommends Home  monitoring Recorded when the chatbot triage level
Urgency low-level care when urgent . . .
L Output stage . . .| suggested after toxic | High is lower than the expert-defined urgency
underestimation veterinary ~ attention  is | . .
. ingestion level.
required.
Mild skin irritation Recorded when the chatbot triage level
. The chatbot escalates a non- L
Over-triage Output stage . marked as | Low is higher than the expert-defined urgency
urgent case unnecessarily.
emergency level.

IV. DATA ANALYSIS APPROACH

Chatbot responses were analysed using the evaluation
framework developed for this study. For each scenario, the
response was first compared with the expert benchmark to assess
whether the suggested condition and urgency advice aligned
with the expected diagnosis and triage level.

Diagnostic accuracy was assessed by comparing the
chatbot’s suggested condition with the expert-defined
benchmark. Triage behaviour was assessed by comparing the
urgency recommendation with the expected level of care. Safety
communication was reviewed by checking whether the response
included clear warnings, risk information, and appropriate next-
step advice. Usability was assessed by considering whether the
response was clear, organised, and understandable for a pet
owner.

The same three-point scoring scale was applied across all
scenarios. A score of 1 meant that the item was performed

Source: Author’s synthesis based on the evaluation framework and scenario analysis design.
incorrectly, unsafe, not performed, or unclear. A score of 2
referred to limited and/or partial performance. A score of 3
represented correct, clear, or appropriate performance. This
enabled comparison of results across the scenario set.

Results were analyzed and charted after scoring to see if
there were any recurring trends in the performance of the
chatbots. Specific attention was drawn to instances where the
response was partial, the response was too low or too high for
urgency, or the response was not clear for safety. The patterns
were then connected to the research questions.

The response was also assessed using the stage-based
taxonomy of errors where there were discrepancies between the
Chatbot and the expert benchmark. This helped to identify if the
problem was in the interpretation of symptoms, diagnostic
reasoning/triage, or the communication of the final advice.

The overall analysis was a numerical one, with qualitative
interpretation of the quality of responses. This enabled the study
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to look at not only whether the chatbot gave a clinically
appropriate response, but also whether the advice was safe,
understandable, and helpful for pet owners.

V. EVALUATION WORKFLOW

The evaluation was conducted in six steps to ensure that each
scenario was tested and analysed in the same manner.

Step 1: Scenario presentation. The words were chosen to be
pet-owner-like when entering each pet-health scenario into the
chatbot.

Step 2: Response collection. Any suggestion of a condition,
advice about the need for urgency, the safety warning, and the
recommended next step were all recorded in the chatbot
response.

Step 3: Benchmark comparison. All answers were measured
against the benchmark diagnosis and triage level as defined by
experts.

Step 4: Scoring across evaluation dimensions. The three-
point scoring system was used to score the response across four
criteria:  diagnostic accuracy, triage behaviour, safety
communication, and usability.

Step 5: Error classification. The errors were classified using
the stage-based error taxonomy presented in Table V when the
chatbot's response was not the same as the expert benchmark.

Step 6: Results synthesis. The findings and the qualitative
observations were analysed in the context of the research
questions. The following synthesis is shown in Table VII.

TABLE VI.  FRAMEWORK TRACEABILITY AND OPERATIONALISATION
Framewo Linked
rk Fig. 1 Reference Operationalisati Resea.rch
Compone on Question(
nt s)
Scenario
Scenario . development and
design Scenario bank benchmark RQI1,RQ2
design
Expert . .
benchmar Expert benchmark Expert diagnosis RQI1, RQ2
Kk and agreement
. Scoring
i\;&:ﬁlcastlon Scoring framework in | RQ1-RQ4
Table IV
Error Stage-based error
taxonom Error analysis classification in | RQ2, RQ3
y Table V
Results Design sAc%%irr?gate(iesults
. recommendations/frame g resu RQI1-RQ4
synthesis and  qualitative
work refinement . .
interpretation

Source: Author’s synthesis according to the evaluation framework and study design

VI. RESULTS

The expert-defined benchmarks were used to evaluate the
chatbot responses across four dimensions: diagnostic accuracy,
triage behaviour, safety communication, and usability. The
overall results of the scenario set were mixed. The chatbot was
reasonably successful for general clinical scenarios, but failed to
suggest urgency consistently and to give specific safety

Vol. 17, No. 8, 2026

information. Generally, the answers regarding usability were not
bad, and some were good.

A. Diagnostic Accuracy

In some situations, the chatbot was able to determine the
general state. In a few instances, the answer was very similar to
the expert standard. In other cases, the chatbot could determine
that the user's problem was a general one, but it could not offer
a detailed or specific diagnosis.

This indicates that there was something the bot was able to
recognize, but not always. A general response might also be
inadequate when used in the veterinary setting if it fails to
convey the severity of the situation or the necessary next steps.

B. Triage Behaviour

The consistency in triage behaviour was less than the
accuracy of diagnosis. Some responses provided advice on
urgency that was equivalent to the expert benchmark; others
under-triaged, over-triaged, or did not clearly specify the level
of urgency.

Under-triage was defined as when the chatbot's urgency
level was not as high as expected. Over-triage was when the less
urgent case was escalated more forcefully than necessary. The
figure indicates that the chatbot was not always able to
accurately determine the urgency of the situation in each
scenario.

C. Safety Communication

There were differing viewpoints on safety communication in
the responses. Some outputs gave warnings that were clear, tips
on how to escalate, and actionable steps. Others gave general
information, but did not clearly explain when veterinary care
should be sought.

It was particularly crucial in the higher-risk scenario in
which urgent advice was anticipated. In cases where warnings
and/or next steps were not specific or clear, the response was
considered a safety communication concern, as unclear
directions can have an effect on the pet owner's willingness
and/or ability to seek assistance.

D. Usability

The majority of responses were in language that a pet owner
could comprehend. Overall, the chatbot didn't use overly
technical jargon and provided information in an easily readable
format.

Some answers were not well organized or did not provide
action suggestions. In such instances, the chatbot would give
general information, but not necessarily exactly what the owner
should do next. This suggests a satisfactory overall acceptability
of usability, but different across the scenarios for the usefulness.

E. Error Patterns

The interaction process was marred by some errors. Some
were related to symptom interpretation, and others were at the
time of a diagnostic/triage judgment. The main worries are with
the reasoning and output sections of the chatbot, with the bot
using incomplete information to interpret the situation, giving
unclear urgency information, or under-triage, over-triage, or
giving incomplete information about safety.
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Errors were classified based on the error’s taxonomy, as
presented in Table V, at different stages. This was to be able to
identify whether the actual problem was in the interpretation of
the symptoms, the process of reasoning, or whether it was the
giving of the final recommendations. The results indicate that
the performance of the chatbot should not be evaluated solely
based on the inclusion of a diagnosis, but on the way the
response guides the user to the diagnosis in a safe and
informative manner.

F. Summary of Empirical Findings

Overall, the performance of the chatbot was good with
regard to the recognition of the wide range of clinical conditions,
but not with regard to consistently providing triage and safety
communication advice. Overall, usability was satisfactory, and
some answers were not well structured or useful in deciding on
next steps. The relevant issues of urgency classification, absence
of adequate safety warnings, and output-stage communication
issues are significant.

The results are presented below in Table VII in relation to
the research questions and framework components.

TABLE VII. RQ RESULTS SYNTHESIS
Researc
h Evaluation Main Interpretation Framework
Questio Focus Finding p Component
n
Th hatbot
Broad e  chatbol
. . could often
diagnostic | . .
. identify . .
. . alignment Diagnostic
Diagnostic general
RQI was o accuracy
accuracy conditions but :
observed . evaluation
. did not always
in several . :
. provide precise
scenarios
responses
Triage Urgency .
. recommendati
. alignment . .
Triage ons varied, | Triage
RQ2 . was . . .
behaviour . . including evaluation
consiste
” under- and
over-triage
Safety Some
warnings responses
fi fi
Safety . . | were not | lacked clear Safety Lo
RQ3 communicati . . communicati
consistent | warnings  or .
on on evaluation
ly next-step
provided guidance
Reasonin
gr-lztage Error patterns
Design helped identi
Desig output- P fy Framework
RQ4 improvement areas for
stage refinement
s . framework
issues
refinement
were
identified

Source: Author’s synthesis based on scenario evaluation and expert-defined benchmarks.
There was variation in performance across the different
dimensions assessed: diagnostic accuracy was more consistent
than triage behaviour, and safety communication was more
consistent than diagnostic accuracy. There was also some
inconsistency with urgency ratings and signalling safety across
scenarios, and usability was fairly simple but lacked detail in
some cases. The differences between these are summarised in
Table VII below for all research questions.

Vol. 17, No. 8, 2026

In all scenarios assessed, there was complete alignment in
the diagnosis and urgency assessed to the expert benchmark.
Sometimes, the chatbot could correctly understand the general
condition, but could not be specific or clear in its reply, which
led to partially aligned answers. There were also cases where
there was an inappropriate degree of urgency, such as under-
triage and unclear guidance. The following patterns in all
scenarios are described in Table VIII.

The most notable trend was that the urgency was not always
in line with the chatbot's suggestions, especially in high-risk
scenarios. For some cases, there was a "full match"; for some,
there was a difference in the urgency classification and clarity of
guidance. The evidence of these variations is listed in Table VIII
at the level of the scenario.

The consolidated traceability map shown in Supplementary
Appendix Table F1 presents an overview of the literature gaps,
research questions, evaluation dimensions, and results observed.

Each of the evaluation dimensions included in the
framework supports addressing the identified research gaps, and
observed outcomes are correlated with differences in diagnostic
accuracy, triage action, safety communication, and usability.

TABLE VIII. COMPARISON OF EXPERT BENCHMARK AND OBSERVED
CHATBOT BEHAVIOUR
Scenario Expert Observed
D Benchmark Chatbot Deviation Impact
(Expected) Behaviour
Correct Correct
s diagnosis with | diagnosis and | No Safe
appropriate appropriate deviation | outcome
urgency advice
Correct Correct
. . . diagnosis  but | Missing Potential
S2 diagnosis  with .
. unclear clarity delay
urgent triage .
urgency advice
. .. General .
Mlnor jury diagnosis  but Pgrtlal . Reduced
S3 with non-urgent 1 diagnostic
acks accuracy
care e match
specificity
Diabetes
. Correct
Sa mellitus diaonosis  and No Safe
identified with 2 deviation | outcome
guidance
follow-up care
Cardiac
S5 emergency Urgency. U_nder- High risk
requiring urgent | underestimated | triage
care
Allergic .
dermatitis with Gengrz_al skin Partial Moderate
S6 moderate condition match impact
identified P
urgency
Gastrointestinal | Correct
S7 111ne§s ) with C‘OI‘lldltIOIl but Mlsglng Low risk
monitoring limited detail
advice guidance
Non-specific Vague response
S8 iliness  with | with  limited | 0% .
observation direction y P
Chocolate Diagnosis Missing
.. . correct but S
S9 toxicity ~ with urgency urgency High risk
urgent care unclear signal
Upper General Partial Low
S10 . . . . .
respiratory diagnosis with | match impact
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infection with | acceptable
appropriate care | advice
Allerglf: . Correct
dermatitis . . No Safe
S11 diagnosis and L
correctly ; deviation outcome
. . advice
identified
Urinary
obstruction C'orrect . No Safe
S12 P diagnosis and L
requiring deviation outcome
urgency
emergency care
S13 &E%Eglenrtomﬂi General injury | Partial Moderate
pprop identified match impact
management

Source: Author’s synthesis based on scenario evaluation and expert-defined benchmarks.

VII. CASE STUDY VALIDATION: APPLICATION OF THE
FRAMEWORK TO THE EMERGENCY PET HEALTH SCENARIO

The application of the proposed evaluation framework is
illustrated in a scenario-based case study, created on the basis of
one of the scenarios included in the controlled veterinary
scenario bank. This is not a clinical deployment or real-world
validation. It, however, does offer a conceptual-operational
validation of the framework by offering a real-world simulated
chatbot for pets and owners’ scenarios as an application of the
framework.

A case study example to showcase how the framework can
be put into practice and make the study more practical without
having to deploy it in real clinical use. This will allow the
framework to be tested within a controlled, simulated
environment and minimize the risk of damaging animals and
animal owners.

S12 - the cat is a male that has walked close to the litter tray
more than once, has passed urine (but not a lot), and the cat is
crying and uncomfortable. This is a urinary emergency (scenario
bank) that is expected to be diagnosed at triage as urinary
obstruction and has an expected outcome of prompt veterinary
care.

The scenario S12 was selected as this is a high-risk
veterinary scenario, as the failure to provide timely care may
lead to severe injury. The worst-case scenario for feline LUTD
is that the cat becomes obstructed, and it can be fatal [44].
Animals may vocalise if trying to urinate, and may make
frequent non-productive attempts to urinate [45]. Frequent
attempts to urinate and discomfort are also significant symptoms
of feline lower urinary tract disease (FLUTD) according to [46].

The clinical warnings are reasons to immediately seek
veterinary attention, and this is an S12 triage. It's not an
exclusive framework for the diagnostic recognition of the case,
but it can be used through this case to validate the framework. It
also checks if the chatbot conveys urgency, offers the right
safety instructions, and offers clear instructions that a pet owner
can understand and take action on.

A. Case Study Scenario

The case study scenario used for framework validation is
provided in Table IX.

TABLE IX. CASE STUDY SCENARIO USED FOR FRAMEWORK VALIDATION

Element Description

Scenario ID S12

Clinical domain Urinary

“My male cat keeps going to the litter tray but
only passes a few drops of urine. He is crying and
seems very uncomfortable.”

Owner-style scenario
input

Benchmark diagnosis Urinary obstruction

Benchmark triage Immediate veterinary attention

Scenario S12 from the controlled scenario bank,
developed using veterinary reference material
and expert benchmark review

High-risk emergency scenario requiring clear
urgency recognition and safety communication
To test diagnostic accuracy, triage behaviour,
safety communication, usability, and interaction-
stage error identification

Scenario provenance

Reason for selection

Evaluation purpose

Note. Scenario S12 is drawn from the controlled scenario bank summarised in Table II.

B. Case Study Validation Workflow

The case study was evaluated similarly to the framework.
S12 was chosen from the controlled scenario bank as it was
deemed to be a high-risk emergency presentation. The owner-
style was then added as one turn in the chatbot. Follow-up
prompts, corrections, or clarification were not included during
the post-input phase. This was done to ensure that the test
condition remained controlled and to simulate the first response
guidance that a pet owner may receive when consulting a
chatbot.

The expert-defined benchmark was compared to the chatbot
response as it was generated. The benchmark called for the
response to indicate that there may be a urinary obstruction or
serious urinary emergency and give a recommendation for
immediate veterinary care. Following the comparison, the
response was rated on four dimensions: diagnostic accuracy,
triage behaviour, safety communication and usability.

The recorded chatbot reply rated the case as critical, stated
the symptoms were classic signs of a possible urinary blockage,
and recommended urgent veterinary attention. It also stated that
the delay could result in a buildup of toxins, kidney damage,
rupture of the bladder, and death in 24-48 hours if it is not
treated. This response was then compared to the benchmark of
the American Veterinary Medical Association [44], MSD
Veterinary Manual [45], and the Cornell Feline Health Center
[46] for urinary obstruction and immediate veterinary attention.

Diagnostic accuracy indicated the bot's ability to identify any
urinary obstruction or one of its close relatives-illnesses related
to urination. The triage behaviour measured whether the chatbot
explicitly suggested immediate veterinary attention. Safety
communication assessed whether the response warned that
delay may be dangerous and that the situation should not be
managed only at home. Usability assessed whether the advice
was clear, understandable, and practical for a non-expert pet
owner.

The error taxonomy of interaction-stage was also
investigated. An input interpretation problem would be if the
chatbot did not recognise the urinary emergency. If it had
observed any urinary characteristics but underestimated
urgency, it would be considered a reasoning-stage problem. If it
identified the concern, but it did not clearly communicate the
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emergency, this would be considered an output communication
problem.

Case Study Validation Architecture for Veterinary Chatbot Evaluation
osed frame 512: male c. y

Application of the aroposed framework to S 3l urinary obstruclion emergency

Framework Layers

Operational Case Study Werkflow

Fig. 2. Case study validation architecture for Scenario S12.

Fig. 2 presents the framework architecture used to validate
the veterinary chatbot evaluation process. The upper row shows
the framework layers, moving from scenario source and owner-
style input to chatbot response, expert benchmark comparison,
evaluation, and validation output. The lower row shows the
operational workflow applied to Scenario S12. The feedback
loops indicate how safety-focused findings can support future
scenario design and framework refinement.

C. Operational Evaluation Summary

TABLE X. APPLIED EVALUATION OF SCENARIO S12 USING THE

PROPOSED FRAMEWORK
Observe
Evaluatio Expert . . Error-
p d chatbot | Sco | Justificatio
n expectat . stage
. . . behaviou re n A
dimension ion R conclusion
The
chatbot
identified
the
symptom
ymp The
. |s as
Recogni | . response
classic .
se L matched the | No input-
. indicators
urinary of a expected stage  or
. . obstructi . diagnosis reasoning-
Diagnostic urinary Lo
on or a |3 direction stage
accuracy . blockage . . .
serious and and linked | diagnostic
urinary . the error was
described . . .
emergen | presentatio | identified.
cy. .. n to urina
4 condition unnary
obstruction.
as a
serious
urinary
emergenc
y.
The The
Recomm
chatbot urgency
end R
. . classified recommend .
immedia . No triage
. the case ation .
Triage te underestim
behaviour veterinar as 3 matched the ation was
CRITIC benchmark identified
yoo AL and triage ’
attention . .
advised expectation
the owner

to  seek
immediat
e
veterinary
care
without
delay.
The
response
explained
Warn t;:;
that urina The chatbot
delay Y clearly .
blockage . No major
may be communica
may lead . output-
dangero . ted risk,
to toxin stage
Safety us and . emergency
. build-up, : safety
communic | that the . warning .
. kidney . communic
ation case signs, and .
damage, ation error
should consequenc
bladder was
not be es of | . .
managed rupture, delayed identified.
only at and death care
homye within '
: 2448
hours if
untreated.
The
response
. used
Provide headings
clear and ngs, The advice .
. plain No major
actionab was easy to e
. language, usability-
le advice bullet follow, related
Usability for a . understand
points, output
non- able, and
expert and a action- error  was
P clear . identified.
pet . oriented.
action
owner.
plan for
the  pet
owner.
The
response
Respons | recognise
P s The chatbot
e should | d the .
. response No major
align emergenc .
. showed input,
with the | vy, .
Overall strong reasoning,
interpretati benchma | recomme 3 alignment or output
P rk  and | nded £ P
on . across all | stage error
guide urgent
four was
the care, and . . .
. evaluation identified.
owner explained . .
dimensions.
safely. safety
risks
clearly.
Note. Scores use the 1-3 scale defined in Table IV, where 1 = incorrect/unsafe, 2 = partial, and 3 =

correct/safe/appropriate

D. Error-Stage Interpretation

In the interaction stage, the feedback was also analysed
based on the taxonomy of errors. In the scenario S12, there was
no failure at the input-stage, reasoning-stage, or output-stage.

In the input stage, the chatbot correctly interpreted the
owner's input message that included symptoms. It understood
that multiple visits to the litter box, passing a few dribbles of
urine, crying, and discomfort were clinically significant.
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Then, when the reasoning stage was reached, the person
compared the symptoms with the assumption of a urinary stone
and diagnosed it as an emergency. This was in keeping with the
direction and urgency of the expert benchmark diagnosis.

The chatbot was able to convey the urgency at the output
stage. It informed them that their pet needed immediate
veterinary attention and why it was so risky not to provide it. In
this case, under triage, inadequate safety communication was
not observed.

In the error stage analysis, it was found that the overall
scenario S12 was safe-aligned. The framework was able to
validate that the chatbot's input looked at symptom input for

emergency recognition, triage matching, clear safety
communication, and actionable advice, matching the
framework's owner-style symptom input to emergency

recognition, triage matching, clear safety communication, and
actionable advice.

E. Validation Outcomes and Analytical Insight

The chatbot's answers were quite similar to the expert
answers in scenario S12. It knew that the situation was an
emergency in the urinary system, and encouraged the owner to
see a vet as soon as possible, explained the possible implications
of delay, and directed the owner on what to do.

This case study demonstrates the use of the proposed
framework beyond the concept description. It combines an
owner-style symptom report with an expert benchmark, has a
controlled chatbot testing process, evaluates the response on
multiple levels, and measures the relevance of the safety advice.

The case is useful as urinary obstruction in a male cat is not
just a diagnostic problem. That's also a triage and safety
communications challenge. A sample response from a chatbot
could say the dog is having trouble urinating, but if it does not
specifically recommend that the owner take the pet to a
veterinarian's office immediately, then the answer would not be
safe. This is due to the fact that diagnostic accuracy, triage
behaviour, safety communication, and usability are evaluated
together in S12 and not just diagnostic accuracy [3], [6], [45].

The case study further demonstrates the usefulness of the
high-risk scenarios in assessing chatbots for veterinary use. Low
Risk Cases specify when a chatbot can provide general
information and instructions; Emergency Cases specify when a
chatbot can communicate urgency when there is a risk of harm.
Thus, S12 can demonstrate whether or not the framework can
identify safe and unsafe behavior in a clinically relevant context
from a chatbot.

This validation should be interpreted as a conceptual-
operational one and not a clinical validation. No actual pet, no
actual animal patient, and no actual veterinary decision-making
took place. The case study, however, shows that the framework
applies systematically and transparently to a realistic simulated
Pet-owner Chatbot scenario. This adds to the contribution of the
study by demonstrating the action of the framework, rather than
just the description of the framework.

In this instance, the framework can be employed to monitor
a chatbot’s answer between what the owner types and what the
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expert replies, comparison with the expert, multi-dimensional
scoring, safety evaluation, and error-stage interpretation.

A contrasting result was observed in Scenario S5. In this
scenario, the owner reported that the dog was breathing heavily,
appeared very weak, had briefly collapsed, and did not want to
move. The benchmark classified this as a cardiac emergency
requiring immediate veterinary attention. However, the chatbot
underestimated the urgency of the case, resulting in under-triage
and a high-risk deviation. This contrasts with the strong
alignment observed in S12 and shows that the framework can
identify both appropriate responses and clinically important
failures.

F. Limitations of the Case Study

This case study has some limitations. First, it's linked to one
of the emergency scenarios listed, and therefore can't be a full
representation of the range of veterinary chatbot interactions.
The one case that cannot represent all conditions, species, and
urgency levels was chosen as S12, as it was clinically important
and high risk.

Secondly, it is not a real pet owner consultation, but it is
controlled and owner-style. This makes it easier to assess and
more consistent and safer, but not all the possible ways that the
same problem could be described in actual life by different
owners.

Thirdly, the chatbot is tested against just one-turn input. This
helps to maintain uniformity in cases, but it does not indicate
how the chatbot can react if it has further questions during a
longer conversation.

Fourth, this case study does not include clinical deployment
validation. It's not about what the actual owner does, the results
of the animals, or what a veterinarian chooses. It provides only
pictorial illustrations of the use of the framework in a realistic
pet-owner chatbot scenario. In the future, this framework should
be extended to cover more cases in the category of emergency,
moderate, and non-urgent. Future validation may also include
the use of diverse examples of bots, other expert raters, re-testing
of responses, and using real users to study interpretation of
responses.

VIII. DISCUSSION

The results showed that chatbot performance varied across
the four evaluation dimensions. The chatbot recognised general
clinical conditions more consistently than it provided clear triage
and safety advice. This is important because a clinically
reasonable response may still be unsafe if urgency or the next
steps are not clearly communicated.

The general condition was usually accurately identified by
the chatbot; however, the specifics were not sufficiently accurate
to match the expert benchmark. This result aligns with previous
symptom-checker research that identified a difference in the
diagnostic performance of the various symptom checkers and
type of cases [9]. It was helpful in this study that there was a
high degree of recognition, but not enough to make decision-
making safe. Thus, triage/safety communication is related to the
diagnostic accuracy.
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Triage behaviour was more diverse. Some under- and over-
triage were reported, which suggested that the expert's
benchmark was not always a match to the chatbot's suggested
urgency classification. The result is also applicable to recent
veterinary triage research where Al systems can be able to
recognize many emergency cases but have challenges in
balancing urgency within different case types [47], [4]. This is
significant in the real world, as pet owners could rely on the
advice given by the chatbot to reach a decision about going to
immediate care.

There were also safety issues that were considered. Some
answers contained explicit warnings and suggested actions;
others were vaguely worded without an obvious indication of
the risk level. A clue to the general problems with conversational
agents, sometimes they give a helpful answer, but they do not
provide sufficient safety information that is understood by the
user [6]. The risk is very high in veterinary environments, as
they do not have the ability to report themselves and the owner
may not realise how serious a condition is.

Usability tended to be better than the triage and safety
communication. Most responses were clear and easy to read
when it comes to what the owners of the pets were saying.
However, clarity was not all that was asked for. There were
some answers that were broadly reasonable but offered limited
practical advice. Remember, usability should be not only
readability, but it should be a way for the owner to know what
to do next.

For comparison of the results, Table XI shows some prior
evidence and the observed behavior of the chatbot in this study.
The table below is positioned in the Discussion section to show
how the results are related to the existing literature on symptom
checkers, triage, and chatbot safety.

TABLE XI.  COMPARISON OF CLAIMED PERFORMANCE AND OBSERVED
CHATBOT BEHAVIOUR
Study / Claimed Observed Benchmar | Deviation
Source Performan Chatbot k Result Type
ce QOutput M
Symptom
checkers
show Variable Accurate . .
. . . . R . Diagnostic
Semigran | variable diagnostic and | diagnosis .
. . . ) and triage
etal. [8] diagnostic triage with  safe L
. . variability
and triage | performance triage
performanc
e
Some
systems
perform
well,  but | Inconsistent .
. . Consistent
Gilbert et | results vary | urgency advice Urgency
urgency .
al. [9] across across : mismatch
. alignment
coverage, scenarios
accuracy,
and urgency
advice.
High
isr?nsmwty Over- Balanced
Wong et | . n classification of | triage Over-
identifying . . .
al. [4] non-urgent classificati | triage
emergency
cases as urgent | on
cases but
tendency to
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over-triage
non-urgent
cases
Al may
support
emergency Inconsistent Consistent
Thomovs triage  but | escalation urgency Inconsiste
ky [47] has recommendatio | guidance nt triage
limitations ns required
in clinical
application.
Al chatbots
may Responses C_lear and Limited
Jokaretal. | influence . timely
include unclear . urgency
3] pet  owner urgency advice guidance clarit;
decision- geney expected y
making
Symptom
checkers
o . Accurate
can perform | Variability in di . .
. . iagnosis Partial
Hammoud | well under | diagnosis and .
. with performan
etal. [30] | controlled limited urgency
. . . urgency ce
vignette- signalling clari
based ty
evaluation.
Provides Mixed Expert-
Chatbot performance . .
symptom- aligned Multiple
(S01-S13 across . . L
. based . . diagnosis deviations
scenarios) . diagnosis and .
guidance . .. and triage
triage decisions

Source: Author’s synthesis based on cited studies and scenario evaluation

The results of the present study align with broader issues in

the field of chatbots and symptom checkers as revealed in Table

XI. In some instances, the chatbot helped provide information,

although the advice on urgency and safety communication was

variable. This reinforces the need for assessing veterinary
chatbots as more than just a diagnostic tool.

In general, these results corroborate the usefulness of
assessing veterinary chatbots simultaneously on multiple
dimensions. Previous studies examining the use of healthcare
chatbots have demonstrated varying ways in which they are
evaluated across studies [11]. The current study addresses this
by analyzing the accuracy of diagnostics, triage behaviour,
communication of safety, and usability in one evaluation
process. The results indicate that veterinary chatbots could be
valuable supports, but it will require more robust categorizations
of urgency and more concise safety advice for safe application.

In real-world use, the success of a veterinary symptom-
assessment chatbot should not be judged only by whether it
identifies a likely health problem correctly. It should also give
an appropriate level of urgency, provide clear safety advice, and
use language that a pet owner can understand and act on [48],
[49]. 1t is also important to check whether the chatbot gives
consistent responses and whether its advice helps owners decide
when veterinary care is needed. The present study evaluates
diagnostic accuracy, triage behaviour, safety communication,
and usability using controlled scenarios. However, repeated
testing, actual owner behaviour, and clinical outcomes were not
assessed and would need to be examined before real-world
effectiveness could be established.

Pet owner acceptance is also important when considering the
real-world use of veterinary chatbots. Previous research
suggests that factors such as usefulness, trust, ease of use and
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satisfaction can influence an owner’s willingness to use a
veterinary consultation chatbot [18]. However, willingness to
use a chatbot does not confirm that its advice is clinically correct
or safe. Owner acceptance could be examined in future studies
by asking pet owners about their trust in the advice, whether they
understood the recommended action, and whether the chatbot
influenced their decision to seek veterinary care. The present
study did not involve direct testing with pet owners, so these
aspects were not evaluated.

IX. LIMITATIONS

There are a number of limitations in this study. First, the
evaluation was based on a limited number of predefined
veterinary scenarios, and so may not reflect all pet-health
scenarios. Second, this evaluation was completed on just one
chatbot system, restricting the generalisation of the findings. In
addition, each scenario was evaluated as a single-turn interaction
and was tested once. Therefore, the study did not assess response
variability or reproducibility across repeated runs.

Thirdly, the study did not involve direct interaction with pet
owners. This simplified the evaluation, but it did not reflect real
user behaviour, questions raised and answered, emotional
responses, or user decision-making post-advice.

Fourthly, the benchmark was developed using agreement
between two experts, and no formal inter-rater reliability
statistic was calculated. The percentage agreement should
therefore be interpreted as descriptive rather than as a strong
statistical measure of reliability. The small number of experts is
a limitation of this study. Future studies should use a larger
expert panel and predefined rating categories for a more formal
reliability assessment.

Lastly, the results are based on the performance of chatbots
in controlled testing. These should be viewed as early-stage
indicators of performance and not as proof of effectiveness in
the real world.

X. CLINICAL SIGNIFICANCE

The findings show that misdiagnosis is a primary clinical
risk, as well as the lack of urgency advice and poor safety
communication. The concern is moderate because the Chatbot
was able to recognize general conditions in several scenarios,
but did not provide an accurate response in all scenarios.

The behaviour of triage is more important. In some cases,
urgency was sometimes underestimated, and this could have
contributed to delayed veterinary care. This is important because
the pet owner may consider making decisions based on the
chatbot's suggestions in the decision-making process regarding
timely treatment of symptoms [3], [6].

Reliance on chatbots' advice in urgent veterinary cases may
be risky. If the chatbot does not recognise how serious the case
is, the pet owner may delay seeking veterinary care. On the other
hand, if a less urgent case is treated as an emergency, it may
cause unnecessary concern or an avoidable emergency visit. A
chatbot may also suggest a possible health problem but fail to
clearly explain when immediate veterinary attention is needed.
Similar safety concerns have been reported with conversational
assistants in human healthcare, where incomplete or incorrect
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information may create risks if users act on it without
professional advice [6].

From the results, it can be seen that veterinary chatbots
should support, rather than replace, professional veterinary
assessment. Guidance for escalation and clear limitations play
an important role in the safer use of QPS [3], [5], [6].

XI. CONCLUSION

The study built and implemented an Al-based veterinary
symptom-assessment chatbot evaluation framework for one
chatbot using 13 controlled owner-style scenarios. Within the
test setting, the chatbot showed better alignment in some
diagnostic responses than in triage behaviour and
communication of safety. These findings are specific to the
evaluated system and scenario set and should not be generalised
to other veterinary chatbots or real-world clinical use.

The most valuable aspect of the study is the evaluation
method used, which measures the symptom, its reporting by the
pet owner, diagnostic accuracy, triage behaviour, safety
communications, and usability. This would be more suitable to
study before implementing the chatbot.

The findings show the need to improve the vet-chatbots'
ability to categorize urgency and to communicate safety to the
pet owners before they can use the chatbots independently.
Several areas could be investigated in future research, such as
larger scenario sets, real user interactions, and assessment of the
performance of various chatbot systems.

A key gap is the limited use of veterinary reference standards
to assess chatbot responses across different levels of urgency.
Without this comparison, it is difficult to judge whether chatbot
advice is clinically appropriate or safe for early-stage use.
Human health studies provide useful evaluation methods, but
they cannot be applied directly to veterinary settings because
animal symptoms are usually interpreted and reported by
owners.

The study design is informed by these gaps. In particular, the
present study focuses on pet-owner-style veterinary scenarios,
expert reference comparison, triage behaviour, safety
communication, and usability. Supplementary Table S9
summarises how the main literature gaps inform the framework
design.

Supplementary Table S10 positions the present study against
selected verified literature by comparing the main evaluation
dimensions addressed across studies. The table is not intended
to repeat the detailed coding presented earlier, but to show how
the present study brings diagnostic accuracy, triage behaviour,
usability, and safety communication together within one
veterinary-focused evaluation design.

Note. v = the dimension is measured directly, or it is a
primary focus. X = the dimension is not measured directly or is
not a primary focus. This table is limited to some confirmed
sources.

Selected dimensions, not all 4 areas, as in Supplementary
Table S10, as mentioned in previous studies. The work by Abani
et al. [19], Sousa et al. [20], and Wong et al. [4] is of interest for
evaluation for diagnostic or triage purposes, while the work
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while the work by Jokar et al. [3] and Coghlan and Quinn [5] is
more relevant to the owner's concerns about risk, usability, and
safety. In this study, all four dimensions are evaluated
simultaneously, extending this work.

The present study builds on earlier multidimensional chatbot
evaluation approaches and applies them in a veterinary setting.
The main extension is the use of owner-style symptom reporting
together with veterinary diagnosis and urgency benchmarks.
The framework also examines where problems occur during the
interaction by considering the input, reasoning, and output
communication stages. These elements are used together to
assess diagnostic accuracy, triage behaviour, safety
communication, and usability in a controlled veterinary
symptom-assessment setting.

XII. RECOMMENDATIONS FOR FUTURE RESEARCH AND
PRACTICE

In future studies, further evaluation of Veterinary Chatbots
is desired to guarantee their clinical appropriateness. Situation-
based assessment can be helpful during this stage, as the chatbot
answers can be analysed without putting animals or pet owners
at risk. Additional cases with a more diverse mix of animals and
patient owners, along with more realistic descriptions of these
pets, should also be added to future studies to consider the use
of these simple tools in everyday practice by veterinarians.

Future work should also include repeated testing of safety-
critical scenarios such as S5 and S9. In the present study, each
scenario was tested only once. Repeating these scenarios across
multiple independent runs would help examine whether the
chatbot gives consistent diagnosis, urgency, and safety advice
over repeated interactions. This would provide a better
understanding of response variability and reproducibility in
high-risk veterinary cases.

At the same time, there are needs for more robust veterinary-
specific datasets and case banks that are validated [50]. These
would help researchers to compare chatbot systems uniformly
and would minimize human-health techniques. Additionally,
clear reporting standards like CHART can enhance transparency
by making promoting the evaluation of chatbot advice, triage
decisions, and safety-related responses more transparent [10],

[4].

Finally, veterinary chatbots need to be used in conjunction
with, not instead of, veterinary skills in clinical settings. Owners
may not take the right advice, delay medical treatment, and/or
overuse the automated solutions, so human supervision is
essential. However, these systems have the potential to provide
useful early guidance, and to alert a user to seek veterinary
assistance if needed [3], [5], [6].

Future research should concentrate on safer assessment,
reporting and responsible design, in general [51-55]. This study
is based on the following evaluation framework and a study
design emphasizing realism, safety and traceability.

SUPPLEMENTARY MATERIALS

Supplementary Tables S1-S10 and the associated
appendices are available through the following online
repository:
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https://drive.google.com/drive/folders/1kCoyuJUYgGOE9A2w
wDsMNt6 WKp7FFTGc?usp=sharing
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