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Abstract. Retrieval-augmented generation (RAG) has improved the
factual grounding capabilities of healthcare conversational agents by in-
tegrating external medical knowledge into response generation. However,
evaluating these systems remains challenging, as traditional Natural Lan-
guage Processing (NLP) metrics do not adequately capture retrieval qual-
ity, clinical safety, factual grounding, or usability. This paper reviews
current evaluation approaches for healthcare conversational agents, with
emphasis on RAG-based systems, and synthesizes the main evaluation
dimensions, metrics, and methodological practices reported in recent lit-
erature. Based on these findings, we propose a multidimensional evalu-
ation framework integrating retrieval quality, factual grounding, clinical
safety, usability, and evaluation transparency within a unified workflow
combining automated and clinician-centered assessment. The proposed
framework aims to contribute toward more standardized, reproducible,
and clinically meaningful evaluation practices for healthcare conversa-
tional AI.
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1 Introduction

The adoption of Large Language Models (LLMs) based conversational agents in
healthcare has increased rapidly in recent years [1]. Although systems based on
models such as GPT-4 have shown promising clinical capabilities [15,8], establish-
ing reliable and reproducible evaluation methodologies for healthcare chatbots
remains a major challenge.

Recent healthcare deployments increasingly rely on RAG architectures [17],
which combine LLMs with external medical knowledge bases to improve factual
grounding and reduce hallucinations. By grounding responses in curated clinical
sources, RAG systems can improve traceability, safety, and clinical relevance [20].
However, they also introduce additional evaluation challenges related to retrieval
quality, grounding fidelity, faithfulness, and error propagation across retrieval
and generation stages [17,20].



Recent frameworks and reporting guidelines such as CHART [6] and HAICEF
[13] have advanced standardisation efforts for healthcare chatbot evaluation, cov-
ering dimensions including safety, trustworthiness, and usability. In parallel, au-
tomated frameworks such as RAGAS (Retrieval-Augmented Generation Assess-
ment Score) assess retrieval quality and grounding fidelity in scalable ways [10].
However, existing approaches either focus on general chatbot evaluation or on
isolated RAG-specific metrics, without providing a unified framework that ex-
plicitly addresses the retrieval–generation interaction characteristic of healthcare
RAG systems.

The objectives of this paper are as follows:

– To provide a structured review of current strategies for evaluating and vali-
dating LLM-based conversational agents in clinical settings, with particular
emphasis on RAG architectures.

– To identify and synthesize the main evaluation dimensions, metrics, and
methodological practices reported in the literature.

– To propose a practical, RAG-oriented evaluation framework that explicitly
captures the interaction between retrieval quality, response grounding, and
clinical safety.

– To illustrate the application of this framework through a small empirical use
case based on representative clinical queries.

Building on these objectives, this work makes three main contributions: (1) it
consolidates and organizes a fragmented body of literature into a coherent view
of evaluation practices for RAG-based clinical conversational agents; (2) it in-
troduces a structured evaluation framework that operationalizes key dimensions
and standardizes the process; (3) it shows the practical applicability of the pro-
posed framework through an empirical illustration, providing initial evidence of
how different configurations behave under clinically relevant evaluation criteria.

2 Lessons from Existing Evaluation Approaches

This section synthesizes the main findings identified across the reviewed liter-
ature on healthcare conversational agent evaluation, with particular emphasis
on RAG systems. Specifically, we examine the core evaluation dimensions pro-
posed in existing frameworks, summarize the most commonly adopted metrics
and methodological strategies, and review representative empirical studies illus-
trating how these approaches are applied in practice.

To identify the most relevant work, we conducted a focused literature review
combining searches on the main biomedical and technical databases, followed by
title/abstract screening, full-text review, and backward/forward citation chain-
ing. The resulting set of studies was then qualitatively synthesized to extract
recurring evaluation dimensions, metrics, and methodological patterns.



2.1 Core Evaluation Dimensions for healthcare chatbots

Recent literature increasingly recognizes that evaluation of healthcare conversa-
tional agents cannot rely solely on generic NLP benchmarks or isolated perfor-
mance indicators. Instead, existing frameworks converge toward a multidimen-
sional perspective combining technical performance, clinical safety, transparency,
usability, and operational considerations. Although these frameworks differ in
scope and methodological depth, they consistently identify several core dimen-
sions as essential for clinical deployment.

One of the most emphasized dimensions is clinical safety and factual relia-
bility. Frameworks proposed by Ding et al. [9], Hua et al. [13], and Asgari et
al. [3] stress the importance of minimizing hallucinations, omissions, misleading
recommendations, and other clinically harmful outputs. In healthcare settings,
evaluation must therefore consider not only linguistic quality, but also the poten-
tial clinical consequences of incorrect or weakly grounded responses. This concern
is particularly relevant in RAG-based systems, where retrieval deficiencies may
propagate into factually incorrect but plausible responses.

Another recurring dimension involves trustworthiness, transparency, and ex-
plainability. Existing frameworks emphasize reporting model characteristics, doc-
umenting limitations, and enabling traceability between generated outputs and
supporting evidence. For example, CHART highlights transparency in data sour-
ces, evaluation procedures, and harm reporting [6], while HAICEF incorpo-
rates broader notions of fairness, accountability, and operational trustworthi-
ness [13]. In RAG architectures, these concerns naturally extend to retrieval
quality, grounding fidelity, and evidence attribution.

A further dimension concerns usability and user-centered performance. Cli-
nically acceptable systems must not only be accurate, but also understandable,
contextually appropriate, and aligned with the needs of clinicians and patients.
Existing frameworks therefore include readability, empathy, communication clar-
ity, perceived helpfulness, and user trust [9,13].

Finally, several frameworks stress the importance of operational and method-
ological rigor, including structured validation procedures, deployment-stage eval-
uation, and transparent reporting practices [9,6]. Despite progress toward stan-
dardisation, existing approaches remain fragmented and often insufficiently adap-
ted to the retrieval-generation interaction characteristic of RAG systems.

2.2 Evaluation Strategies and Metrics

The reviewed literature consistently recommends combining automated and eval-
uation strategies centered in human for healthcare conversational agents [2].
Automated metrics provide scalable and reproducible assessment, whereas hu-
man evaluation remains essential for identifying clinically meaningful errors and
safety risks. Consequently, recent work increasingly advocates hybrid evaluation
pipelines integrating automated assessment with expert adjudication, particu-
larly in high-risk clinical settings.



Automated evaluation commonly targets linguistic quality, semantic rele-
vance, factual consistency, and retrieval performance. Traditional metrics such
as BLEU, ROUGE, and BERTScore remain widely used, although their limita-
tions for assessing clinical correctness and safety are well recognized [2,20]. More
clinically oriented approaches prioritize factuality and grounding metrics, includ-
ing faithfulness checks, semantic similarity, FactScore, and readability indices for
patient-facing systems [19,2].

RAG-based systems introduce additional evaluation requirements related
to retrieval quality and grounding fidelity [20]. Frameworks such as RAGAS
evaluate faithfulness, answer relevancy, context precision, and context recall, of-
ten complemented by Recall@k, MRR, nDCG, entailment-based checks, and
LLM-assisted evaluators [10]. These metrics help distinguish failures caused
by retrieval deficiencies, hallucinations, or incomplete synthesis, although au-
tomated evaluators may require complementary expert validation in medical
contexts [10,20].

Human expert evaluation remains central for assessing clinical safety, appro-
priateness, trustworthiness, and empathy through structured clinician review,
Likert-scale ratings, and safety-oriented assessment of hallucinations, contraindi-
cations, omission severity, and escalation appropriateness [2,4,3]. To improve
reproducibility, several studies recommend annotator calibration, adjudication
workflows, and inter-rater agreement measures such as Cohens κ and Krippen-
dorffs α [23,21,14,4]. Overall, for RAG-based healthcare systems, the literature
suggests that robust evaluation of healthcare RAG systems requires multidi-
mensional and risk-dependent assessment combining automated retrieval-aware
diagnostics with clinician-centered validation [2,9].

2.3 Evaluation Practices and Use Cases

This subsection illustrates how the evaluation dimensions and metrics discussed
in Sections 2.1 and 2.2 are operationalized in concrete healthcare use cases. The
reviewed studies generally adopt hybrid evaluation pipelines that combine auto-
mated, RAG-oriented metrics with expert human review, reflecting the need to
assess technical performance, factual grounding, and clinical safety.

Several works provide representative examples of this hybrid approach. Baur
et al. [5] presented a mixed-methods evaluation of a RAG-based chatbot for
orthopedic and trauma surgery patient education, combining automated RAG-
specific metrics such as answer relevance, contextual precision, and faithfulness
with Likert-scale assessments carried out by clinicians, medical students, and lay
users. Similarly, in [12], the authors evaluated a postoperative-instruction virtual
assistant using large-scale simulated queries together with blinded surgeon re-
view, measuring retrieval precision, completeness, faithfulness, and hallucination-
related safety outcomes. These studies show how retrieval-aware metrics and
human validation can be integrated in practical clinical evaluation workflows.

Other comparative studies highlight the value of such evaluation protocols
when different system types are contrasted. In [22], a RAG-based chatbot out-
performed a non-augmented GPT-4 baseline in medical accuracy and agreement



with evidence while maintaining comparable linguistic quality. Khabaz et al. [16]
compared general-purpose, RAG-enhanced, and healthcare-specialized conver-
sational systems for thyroid-eye-disease question answering, finding that RAG-
based systems achieved higher clinical accuracy, whereas general-purpose models
showed advantages in empathy and readability. Taken together, these findings
suggest that evaluation should be aligned with the intended clinical context and
the priorities of the target users.

Beyond these comparative analyses, several studies have explored specialized
evaluation strategies for clinically relevant dimensions. Choo et al. [7] proposed
an AI-assisted evaluation framework in which simulated patient agents interact
with healthcare chatbots while an evaluator model automatically assesses con-
versational quality, obtaining strong agreement with human ratings. Other work
has focused on high-risk and patient-centered dimensions such as hallucination
severity [3] and empathetic communication [18], extending evaluation beyond
generic correctness toward more clinically meaningful assessment.

Overall, the reviewed studies reveal recurring dimensions, metrics, method-
ological practices, and RAG-specific challenges that can be synthesized into a
unified view, summarized in Table 1. These patterns directly informed the de-
sign considerations and structure of the evaluation framework proposed in the
following section.

Table 1. Synthesis of core evaluation dimensions, representative metrics, and RAG-
specific challenges identified in the reviewed literature.

Evaluation Di-
mension

Identified Metrics / Methods Human
Evaluation
Required

Challenges of Healthcare RAG Chatbots Refs

Safety and clini-
cal risk

Hallucination rate, harm grading, contraindi-
cation checks, escalation appropriateness, ex-
pert rubric-based review

High Error propagation from retrieval to generation,
clinically harmful hallucinations, unsafe omis-
sions

[3,13,9]

Factuality and
grounding

Faithfulness, FactScore, NLI/entailment
checks, claim verification, attribution analy-
sis

Moderate to
High

Unsupported claims despite retrieved evidence,
grounding mismatch, selective omission of qual-
ifiers

[10,19,20]

Retrieval quality Recall@k, contextual recall, contextual preci-
sion, MRR, nDCG, retrieval relevance

Low to Mod-
erate

Clinically irrelevant retrievals, outdated evi-
dence, semantic mismatch between query and
retrieved passages

[10,17]

Answer relevance
and usefulness

Answer relevancy, completeness scores, utility
judgments, expert usefulness ratings

Moderate Incomplete answers despite correct retrieval,
loss of clinically actionable information

[10,2]

Usability and
trustworthiness

Likert-scale ratings, readability indices, user
satisfaction questionnaires, trust scores

High Trust calibration between perceived fluency and
factual correctness

[2,13]

Empathy and
patient-centered
communication

EMRank, comparative ranking, empathy
rubrics, human conversational ratings

High Trade-offs between clinical precision and empa-
thetic communication quality

[18,16]

Transparency and
reporting quality

Documentation of data sources, model config-
uration, harm reporting, evaluation traceabil-
ity

Moderate Limited reproducibility and incomplete report-
ing of retrieval pipelines

[6]

Evaluation pro-
cess quality

Inter-rater agreement (κ, α), adjudication
workflows, evaluator calibration

High Low reproducibility of expert evaluations and
variability across annotators

[23,21,14,4]

3 Proposed Framework

The literature reviewed in Section 2 suggests that evaluation of healthcare con-
versational agents, particularly RAG systems, requires multidimensional assess-
ment beyond conventional NLP benchmarks. Existing studies consistently em-
phasize the need to jointly evaluate retrieval quality, factual grounding, safety,



usability, transparency, and human-centered performance [13,9]. However, cur-
rent approaches remain fragmented, often focusing on isolated dimensions or
insufficiently addressing the interaction between retrieval and generation stages
in RAG architectures.

Based on these findings, the proposed framework was designed according to
four principles:

1. Evaluation should be retrieval-aware, distinguishing retrieval failures from
generation failures.

2. Evaluation should be risk-oriented, prioritizing clinically relevant safety as-
pects such as hallucinations, omissions, and contraindications.

3. Evaluation should combine automated and human-centered assessment, bal-
ancing scalability with expert validation.

4. The framework should remain practical and modular, adaptable to different
healthcare contexts and system architectures.

Accordingly, the framework organizes evaluation into complementary dimensions
covering retrieval performance, grounding, clinical safety, usability, and evalua-
tion process quality, aiming to support more consistent, transparent, and clini-
cally meaningful assessment of healthcare RAG systems.

3.1 Framework dimensions

Building on the recurring dimensions, methodological practices, and specific
RAG challenges identified in Section 2, we propose a structured evaluation
framework for healthcare RAG conversational agents. The framework supports
multidimensional assessment across both retrieval and generation stages while
combining automated evaluation with targeted expert validation.

The framework organizes evaluation into five interconnected dimensions: (D1)
retrieval quality, (D2) factual grounding and faithfulness, (D3) clinical safety and
risk assessment, (D4) usability and communication quality, and (D5) evaluation
process quality and transparency. These dimensions are evaluated through a hy-
brid pipeline integrating retrieval-aware automated metrics, review by clinicians,
and methodological quality-control procedures. Figure 1 illustrates the overall
structure of the framework and the interaction between its main components.

The framework adopts a staged perspective in which retrieval and generation
are evaluated separately before integrating higher-level clinical and user-centered
assessment. This distinction is particularly important in RAG systems, where
failures may originate either from retrieval deficiencies (e.g., missing or irrele-
vant evidence) or from generation problems such as hallucinations, unsupported
synthesis, or omission of clinically important qualifiers.

In D1, retrieval quality evaluates whether the system retrieves clinically rel-
evant and sufficiently comprehensive evidence for a given query. Representa-
tive metrics include Recall@k, contextual precision, contextual recall, MRR, and
nDCG. D2 focuses on factual grounding and faithfulness, assessing whether gen-
erated responses are adequately supported by retrieved evidence through metrics



Fig. 1. Proposed multidimensional evaluation framework.

such as faithfulness, answer relevancy, entailment-based grounding checks, and
FactScore-style claim verification.

D3 addresses clinical safety and risk. Since healthcare conversational agents
operate in safety-critical settings, evaluation must explicitly assess hallucinations,
contraindications, omission severity, escalation appropriateness, and potential
patient harm, primarily through structured clinician review and expert adjudi-
cation. D4 evaluates usability and communication quality, including empathy,
readability, clarity, trustworthiness, and perceived usefulness, combining auto-
mated readability metrics with human-centered assessments, e.g., Likert-scale
ratings or comparative ranking methods.

Finally, the framework incorporates a transversal dimension (D5) related to
evaluation quality and transparency. This includes annotator calibration, inter-
rater agreement analysis, documentation of retrieval pipelines and model config-
urations, and explicit reporting of evaluation procedures to improve reproducibil-
ity and methodological rigor. Table 2 summarizes the proposed framework, in-
cluding representative metrics, evaluation types, and common failure modes.

3.2 Recommended Evaluation Workflow and Reporting Practices

To operationalize the framework, we recommend a lightweight multi-stage eval-
uation workflow combining automated RAG metrics with clinician-centered val-
idation. The objective is not only to estimate performance, but also to identify
whether failures stem from retrieval, grounding, safety, or communication issues.
Step 1: Benchmark construction. Define a representative query set cov-
ering routine questions, high-risk clinical scenarios, contraindications, ambigu-
ous prompts, and edge cases. Ground-truth references and supporting evidence
should be curated/validated by domain experts whenever possible.



Step 2: Automated retrieval and grounding evaluation. Evaluate retrieval
quality using metrics such as Recall@k, Context Precision, Context Recall, MRR,
and nDCG. Generated responses should then be assessed using Faithfulness,
Answer Relevancy, FactScore, and semantic grounding checks.
Step 3: Clinician-centered validation. A subset of high risk or low confidence
outputs should undergo structured expert review assessing hallucinations, omis-
sion severity, contraindications, and escalation appropriateness. Multiple review-
ers and adjudication procedures are recommended for safety-critical applications.
After confirming that responses are clinically safe, usability and communication
quality should also be assessed through dimensions such as clarity, readability,
trustworthiness, and empathy, e.g., using Likert-scale ratings.
Step 4: Reporting and reproducibility. Studies should report retrieval cor-
pora, model versions, prompts, evaluator profiles, scoring rubrics, and edge-case
testing procedures, following reproducibility-oriented recommendations such as
CHART [6]. In addition to individual metrics, reporting dimension-level compos-
ite scores can support interpretable comparison between conversational systems.

3.3 Empirical use case

To illustrate the practical applicability of the proposed framework, we present
a small-scale use case based on KneeChat, a patient-oriented RAG-based con-
versational agent for orthopedic support [11]. A subset of 50 representative
patient-oriented orthopedic queries was selected from the original study, cov-
ering common postoperative and rehabilitation-related scenarios such as recov-
ery guidance, symptom interpretation, mobility recommendations, medication-
related concerns, and general patient education. The objective of this example
is not benchmark-scale validation, but rather to demonstrate how the proposed
workflow can be operationalized in practice through dimension-oriented report-
ing. Table 3 presents an illustrative example of how the proposed framework
can be used to structure multidimensional evaluation reporting for healthcare
RAG-based conversational agents.

Table 2. Framework operationalization for healthcare RAG conversational agents.

Evaluation Di-
mension

Objective Metrics / Methods Evaluation
Type

Main Failure Types

Retrieval Quality Assess whether the system
retrieves relevant and suf-
ficiently comprehensive ev-
idence

Recall@k, Context Precision, Con-
text Recall, Mean Reciprocal Rank
(MRR), normalized Discounted Cu-
mulative Gain (nDCG)

Automatic Irrelevant retrievals, missing evi-
dence, outdated sources, semantic
mismatch between query and re-
trieved passages

Factual Ground-
ing and Faithful-
ness

Evaluate whether gener-
ated responses are sup-
ported by retrieved evi-
dence

Faithfulness, Answer Relevancy,
FactScore, entailment/NLI checks,
attribution analysis

Automatic /
Hybrid

Unsupported claims, hallucinations,
grounding mismatch, omission of
clinically relevant qualifiers

Clinical Safety
and Risk

Identify clinically harmful
or unsafe outputs

Clinician rubric-based review, hal-
lucination assessment, contraindica-
tion checks, harm severity grading,
escalation appropriateness

Manual
(Clinician-
centered)

Unsafe recommendations, dangerous
omissions, clinically harmful misin-
formation

Usability and
Communication
Quality

Assess clarity, trustworthi-
ness, readability, empathy,
and usefulness

Readability indices, Likert-scale rat-
ings, trust scores, empathy rubrics,
EMRank, user satisfaction surveys

Hybrid Low readability, poor empathy, mis-
leading fluency, non-actionable re-
sponses

Evaluation Pro-
cess Quality and
Transparency

Improve reproducibility,
consistency, and method-
ological rigor

Inter-rater agreement (κ, α), adjudi-
cation workflows, annotator calibra-
tion, reporting transparency

Manual /
Methodologi-
cal

Evaluator inconsistency, poor repro-
ducibility, incomplete reporting of re-
trieval and evaluation procedures



Table 3. Illustrative application of the proposed evaluation framework to the KneeChat
RAG-based conversational agent. Composite dimension scores correspond to the mean
of normalized metrics associated with evaluation dimensions.

Evaluation Di-
mension

Metrics Observed
Values

Composite Di-
mension Score

Interpretation

Retrieval Qual-
ity

Context Precision
Context Recall

0.972
0.901

0.93 Retriever consistently identified clin-
ically relevant and sufficiently com-
prehensive evidence.

Factual Ground-
ing and Faithful-
ness

Faithfulness
Answer Relevancy
FactScore
Semantic Similarity

0.883
0.919
0.901
0.947

0.913 Generated responses remained
strongly supported by retrieved
evidence with limited hallucination
risk.

Clinical Safety
and Risk

Clinician accuracy rating
Escalation appropriateness
Hallucination assessment

0.94
0.92
0.90

0.930 Expert review suggested high clinical
appropriateness and low frequency of
unsafe outputs.

Usability and
Communication
Quality

Empathy rating
Clarity rating
Language adequacy

4.76 / 5
4.58 / 5
100%

0.942 Responses were perceived as clear,
understandable, and empathetic for
patient-oriented communication.

Evaluation Pro-
cess Quality and
Transparency

Inter-rater agreement (κ)
Annotator calibration
Edge-case testing
Protocol documentation

0.82
Completed
Included
Reported

- Evaluation process showed strong
methodological consistency and
reproducibility-oriented reporting.

Evaluation combined automated retrieval-aware metrics with clinician assess-
ment. Retrieval and grounding dimensions were evaluated using metrics such as
Context Precision, Context Recall, Faithfulness, and Answer Relevancy, while
clinical safety and communication quality were assessed by healthcare profes-
sionals using structured review criteria and Likert-scale ratings. To improve in-
terpretability and facilitate comparison across systems, individual metrics were
normalized into dimension-level composite scores ranging from 0 to 1, where
higher values indicate better performance. Composite scores were computed as
the mean of normalized metrics associated with each evaluation dimension.

This example shows how the proposed framework enables interpretable eval-
uation of healthcare RAG-based conversational systems. Instead of relying on
isolated metrics, the framework supports structured evaluation across retrieval
performance, factual grounding, clinical safety, usability, and quality, enabling
clearer identification of system strengths, limitations, and deployment readiness.

4 Discussion

Across the reviewed literature, a consistent finding emerges: evaluation of health-
care conversational agents cannot rely on isolated natural language generation
metrics or general-purpose chatbot benchmarks alone. Instead, robust assess-
ment requires multidimensional evaluation strategies integrating retrieval qual-
ity, factual grounding, clinical safety, usability, and methodological transparen-
cy [9,13,2].

A key observation from the reviewed studies is that RAG introduces eval-
uation requirements beyond those of conventional conversational AI systems.
In RAG-based architectures, clinically unsafe responses may arise from failures
in evidence retrieval or from unsupported synthesis during generation. Conse-
quently, recent frameworks increasingly advocate decomposing evaluation into



retrieval-oriented and generation-oriented components [10,20]. Metrics such as
Context Precision, Context Recall, Faithfulness, and Answer Relevancy provide
useful signals for diagnosing retrieval and grounding failures, while clinician-
centered assessment remains essential for identifying harmful hallucinations, un-
safe omissions, and contextually inappropriate recommendations [3,4].

Another important finding is the growing recognition that evaluation must ex-
tend beyond factual correctness toward broader patient-centered and operational
dimensions. Several studies emphasized the importance of empathy, readability,
trustworthiness, and communication quality, particularly in patient-facing sys-
tems [18,16]. Frameworks such as CHART and HAICEF highlighted the impor-
tance of reproducibility, transparent reporting, and methodological rigor [6,13].
This supports the need for evaluation-process quality and transparency as trans-
versal concerns in healthcare RAG assessment.

5 Conclusion

Healthcare conversational agents, particularly those based on RAG, require eval-
uation strategies beyond traditional NLP benchmarks. This paper reviewed cur-
rent evaluation approaches for healthcare conversational systems and synthesized
the main evaluation dimensions, metrics, and methodological practices reported
in the literature. The review shows that effective evaluation increasingly relies
on hybrid strategies combining automated retrieval-aware metrics with clinician-
centered validation [9,13,10].

Based on these findings, we proposed a multidimensional evaluation frame-
work for healthcare RAG-based conversational agents. The framework organizes
evaluation around retrieval, grounding, safety, usability, and transparency, pro-
viding a structured way to distinguish retrieval failures from generation failures.

An empirical use case illustrated how the framework can support staged eval-
uation and dimension-level reporting. Overall, this work contributes a retrieval-
aware, clinician-centered, and reporting-oriented perspective for evaluating heal-
thcare RAG conversational systems.

Future work should focus on validating the framework across diverse clini-
cal domains and developing weighting strategies for composite dimension-level
scores. The framework also remains dependent on the quality and calibration
of automated evaluators, which may require adaptation for specialized medical
language.
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