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Abstract
Automatic Speech Recognition (ASR) is increasingly used in clinical documentation, but metrics such as Word

Error Rate (WER) and Character Error Rate (CER) treat benign variations and clinically dangerous errors alike.

We present an argumentation-based framework for evaluating Spanish medical ASR outputs. Specialized clinical

evaluators detect medication, dosage, and consistency discrepancies between a reference transcription and an

ASR hypothesis, producing severity labels and explanations. These outputs are formalized as arguments that

support or attack the claim that the hypothesis is clinically acceptable. The safety-oriented defeat procedure is

non-compensatory: one accepted major medication, dosage, or semantic error is sufficient to require review,

while harmless formatting and recoverable orthographic variants may be defeated by equivalence arguments. On

90 clinically validated Spanish medical dialogues, results show that better lexical scores may coexist with more

clinically critical errors, especially in medication and consistency dimensions.
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1. Introduction

Automatic Speech Recognition (ASR) is increasingly used in clinical settings to support medical docu-

mentation and reduce administrative burden. However, the evaluation of ASR systems in healthcare

remains misaligned with the requirements of the domain. Standard metrics, such as Word Error Rate

(WER) and Character Error Rate (CER), quantify transcription quality in terms of lexical differences,

treating all substitutions, deletions, and insertions uniformly [1, 2]. Embedding-based metrics such as

BERTScore and clinical adaptations of BERTScore capture semantic similarity more effectively than

string matching, but they do not explicitly represent clinical risk [3, 4]. In clinical contexts, errors are

not homogeneous: a transcript may contain multiple harmless formatting variations, or a single error

that changes a medication, dose, negation, symptom, or instruction.

This mismatch is especially important in medical ASR. A transcription that changes a drug name,

administration frequency, or negated symptom can be unsafe even if its overall WER is low. Conversely, a

transcription may obtain a worse lexical score because of paraphrasing, spelling variation, or formatting

differences while preserving the clinically relevant information. Evaluation therefore requires reasoning

about discrepancies, their clinical dimension, their severity, and their interaction with the rest of the

transcript.

Large Language Models (LLMs) can identify and explain complex inconsistencies [5, 6], but LLM-

as-judge evaluation raises concerns about opacity, bias, prompt sensitivity, and auditability [7, 8]. In

safety-critical domains, it should be possible to inspect which discrepancies were detected, why they

matter, and how they determine the final classification.
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We address this need by reframing clinical ASR evaluation as an argumentation problem. Given a

reference transcription 𝑅 and an ASR hypothesis 𝐻 , specialized evaluators identify medication, dosage,

and consistency discrepancies. Their outputs are mapped into structured arguments that support

or attack the claim that 𝐻 is clinically acceptable with respect to 𝑅. Our contributions are: (i) a

formalization of clinical ASR evaluation over reference–hypothesis pairs; (ii) a mapping from evaluator

outputs to arguments, attacks, defeats, and decisions; and (iii) an empirical analysis showing that lexical

metrics and clinical-risk-oriented evaluation may rank ASR systems differently.

2. Background and Related Work

2.1. Lexical and Semantic Metrics for Clinical ASR

ASR evaluation has traditionally relied on lexical distance measures such as WER and CER. These

metrics are useful for general benchmarking, but they treat all token differences as equivalent. In

medical contexts, this assumption is problematic because the clinical consequences of transcription

differences vary substantially. Substituting a common function word is not comparable to substituting

a medication name or altering a dose.

Domain-aware metrics have been proposed to address this limitation. Medical Concept WER (MC-

WER) restricts error computation to medically relevant concepts and is therefore more clinically focused

than WER [9]. Semantic metrics such as BERTScore [3], Clinical BERTScore [4], and SeMaScore [10]

attempt to capture meaning preservation rather than surface identity. Nevertheless, these metrics still

produce scalar similarity scores and do not explicitly represent why a transcription is clinically safe or

unsafe. Recent studies of clinical ASR have shown that systems may obtain low WER while missing or

distorting clinically important information [11].

2.2. Knowledge- and LLM-Based Clinical Error Detection

Knowledge-based approaches incorporate structured medical resources into ASR correction and evalua-

tion. For example, MedSpeak uses medical knowledge graphs and phonetic information to improve

ASR error correction for spoken medical question answering [12]. Such approaches move beyond text

matching by grounding transcription hypotheses in domain knowledge.

In parallel, LLMs have been increasingly used to detect inconsistencies in clinical documentation.

Recent work shows that LLMs can identify complex errors in medical notes, and that prompt optimization

can substantially improve detection performance on benchmarks such as MEDEC [5, 6, 13]. However,

LLM-based assessment is sensitive to prompt formulation and may provide judgments without a

transparent reasoning structure. Surveys on LLM-as-a-judge emphasize the need for reliability, bias

control, clear rubrics, and meta-evaluation when LLMs are used as evaluators [7, 8].

2.3. Multi-Agent Clinical Reasoning and Argumentation

Multi-agent LLM systems have recently been explored for clinical reasoning and error detection. Debate-

based approaches allow multiple agents to exchange arguments before a judge agent makes a final

decision [14]. Medical multi-agent benchmarks and simulations such as AgentClinic and MedAgentSim

further illustrate the potential of structured delegation and supervision in healthcare-oriented reasoning

tasks [15, 16]. ArgMed-Agents explicitly connects LLM-based clinical reasoning with argumentation

schemes and directed conflict graphs [17].

Computational argumentation provides a formal basis for representing conflicting information

and non-monotonic reasoning. Abstract argumentation frameworks define arguments and attack

relations, enabling acceptability to be evaluated under different semantics [18]. Structured frameworks

such as ASPIC+ incorporate premises and defeasible inference rules [19]. Preference- and value-based

argumentation frameworks allow priorities to guide conflict resolution [20]. Quantitative argumentation

models such as DF-QuAD offer gradual assessments of argument strength [21]. Argumentation has



also been studied in clinical decision support and evidence aggregation [22, 23], as a foundation for

explainable AI [24], and as an argument-based approach to clinical outcome assessment validation [25].

Despite these developments, the use of formal argumentation for clinical ASR evaluation remains

underexplored. Existing approaches typically rely either on aggregate similarity metrics or on LLM

judgments without an explicit representation of attacks, defeat, and justification. We address this gap

by modeling clinical ASR evaluation as an argumentation-based acceptability problem.

3. Dataset and Experimental Setup

3.1. Dataset

The evaluation was conducted on TEME-v1, a Spanish medical dialogue corpus introduced in the

TEME framework for Spanish medical ASR evaluation [26] and released as a dataset [27]. The corpus

consists of 90 anonymized clinical conversations across 10 medical specialties: cardiology, primary care,

pulmonology, neurology, traumatology, endocrinology, oncology, geriatrics, emergency medicine, and

pediatrics. It includes both structured JSON files and audio recordings. Overall, it contains 66,941 words

and 2,330 conversational turns, with an average of 25.9 turns and 743.8 words per dialogue.

It was built from 23 anonymized real cardiology consultations and 67 synthetic but clinically realistic

dialogues. The real consultations were stripped of personally identifiable information and linguistically

refined while preserving clinical content; the synthetic dialogues broaden specialty coverage while

preserving realistic terminology and doctor–patient interaction patterns.

Clinical validation was performed by a qualified cardiologist with broad clinical experience. It covered

dialogue plausibility, medical terminology, patient-safety relevance, evaluator outputs, and the criteria

used to distinguish NONE, MINOR, and MAJOR errors. While a sample of 90 dialogues might seem

modest for training large language models, it yields a dense corpus of 2,330 turns requiring exhaustive,

turn-by-turn manual validation by a clinical specialist. For the purpose of introducing and validating the

logical architecture of a qualitative, argumentation-based framework, this scale is highly appropriate. It

prioritizes deep clinical rigor and explicit reasoning over purely statistical scaling. We acknowledge as

a limitation that validation was performed by a single specialist; future work should include multiple

clinicians and inter-annotator agreement.

3.2. ASR Systems and Preprocessing

Each dialogue includes a reference transcription 𝑅 and an ASR hypothesis 𝐻 . The reference 𝑅 is

treated as the clinically correct version of the dialogue, while 𝐻 is evaluated with respect to whether it

preserves the clinically relevant information in 𝑅. We compare two ASR systems: Whisper-large-v3, a

general-purpose multilingual ASR system, and a proprietary ASR model specialized in Spanish medical

transcription. The second system is referred to as the specialized Spanish medical ASR model.

Both systems were evaluated using the same pipeline. The ASR outputs were normalized before

metric computation by lowercasing, reducing punctuation inconsistencies, and standardizing numerical

expressions. The goal of preprocessing was to prevent clinically irrelevant formatting variation from

dominating the evaluation.

3.3. Specialized Clinical Evaluators

Clinical discrepancy detection is performed by three specialized evaluators, all implemented using

GPT-4o with default generation settings [28]. Each evaluator receives the pair (𝑅,𝐻) and focuses on

a specific clinical dimension. Each returns a severity label—none, minor, or major—together with a

textual explanation grounded in the comparison between 𝑅 and 𝐻 .

The Medication evaluator assesses whether pharmaceutical terminology is preserved. It detects errors

when drug identity changes, when a medication is hallucinated, or when a transcribed term could be



interpreted as a different medication. Formatting differences, abbreviations, capitalization, and spelling

variants are ignored when the drug identity remains recoverable and clinically unchanged.

The Dosage evaluator assesses numerical values, units, and administration frequency. It ignores

medication-name errors, which belong to the Medication evaluator, and focuses on posology. Equivalent

expressions such as “200 mg/day” and “200 milligrams per day”, or “0.5 mg” and “half a milligram”, are

treated as clinically equivalent.

The Consistency evaluator assesses whether the overall clinical meaning of the consultation is

preserved. It focuses on symptoms, diagnoses, allergies, clinical instructions, negation, temporal

information, and contextual coherence. Medication and dosage errors are excluded from its scope unless

they also affect broader coherence.

The final decision is not obtained by allowing errors to compensate for one another. Instead, a

safety-first consensus rule is applied: if any evaluator identifies an accepted major discrepancy, the

transcription is classified as clinically problematic and requires review. Minor discrepancies lead to an

“acceptable with minor issues” classification only when no accepted major discrepancy is present.

4. Argumentation-Based Framework

4.1. Task Definition

Let 𝑅 denote the reference transcription of a clinical dialogue and let 𝐻 denote the ASR hypothesis

produced for the same audio. We define a clinical discrepancy as a difference between 𝑅 and 𝐻 that may

affect medication identity, dosage, administration frequency, symptoms, diagnoses, allergies, negation,

temporal information, or clinical instructions.

The main claim evaluated by the framework is:

𝐶0 : The ASR hypothesis 𝐻 is clinically acceptable with respect to 𝑅.

A transcription is clinically acceptable if it preserves the information required for safe interpretation of

the consultation. It may contain paraphrases, formatting differences, or minor orthographic variation,

provided that these do not alter clinically relevant meaning.

4.2. Arguments

Each evaluator output is mapped into an argument:

𝐴 = ⟨𝑝, 𝑐, 𝑠, 𝑑⟩,

where 𝑝 is a set of premises extracted from the comparison between 𝑅 and 𝐻 , 𝑐 is a conclu-

sion concerning the acceptability of 𝐻 , 𝑠 ∈ {none,minor,major} is the severity level, and 𝑑 ∈
{medication, dosage, consistency} is the clinical dimension.

Arguments may support or attack the main claim 𝐶0. An argument supports 𝐶0 when it concludes

that clinically relevant information is preserved. An argument attacks𝐶0 when it identifies a discrepancy

that affects clinical meaning or patient safety.

For example, if 𝑅 contains “Lexiana 35 mg, one at midday” and 𝐻 contains “Lexiana 80 mg, one in

the morning”, the Dosage evaluator generates an argument whose premise is the mismatch between

amount and administration time, whose conclusion is that the dosage information is not preserved, and

whose severity is major. This argument attacks 𝐶0.

4.3. Attack Relations

We distinguish two types of attack.

First, discrepancy arguments may attack 𝐶0. A major medication, dosage, or consistency argument

directly attacks 𝐶0, because a single clinically significant error is sufficient to require human review. A



minor argument does not defeat 𝐶0 by itself, but supports a weaker conclusion: 𝐻 is acceptable with

minor issues.

Second, arguments may attack other arguments when they provide competing interpretations of

the same discrepancy. This is important for avoiding false positives. For example, a surface mismatch

such as “10 mg” versus “10 milligrams” may initially appear as a dosage discrepancy. However, an

equivalence argument based on identical numerical value and unit normalization attacks that discrepancy

interpretation. In this case, the discrepancy is defeated because the clinical meaning is preserved.

4.4. Preference and Defeat

Severity is used as a safety-oriented priority relation, not as a compensatory score:

major ≻ minor ≻ none.

However, this ordering does not mean that several minor confirmations can compensate for a major error.

Major arguments are non-compensatory: once accepted, they defeat the claim that the transcription is

clinically acceptable. This reflects clinical practice, where one critical medication, dosage, or negation

error is sufficient to require review regardless of how accurate the rest of the transcript may be.

We say that an argument 𝐴𝑖 defeats an argument 𝐴𝑗 if 𝐴𝑖 attacks 𝐴𝑗 and 𝐴𝑗 is not strictly preferred

to 𝐴𝑖. Equivalence arguments may defeat superficial discrepancy arguments when they establish

preservation of clinical meaning. In contrast, an argument identifying a clinically significant dosage

change cannot be defeated by lexical similarity or by unrelated correctly transcribed information.

4.5. Decision Procedure

The final classification is obtained as follows:

Final(𝐻) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

problematic,
if an accepted major argument

attacks 𝐶0;

minor-issues,
if no major argument attacks 𝐶0

and at least one minor argument is present;

acceptable, if no clinical discrepancy is detected.

The procedure below summarizes the construction and decision process.

1. Run the Medication, Dosage, and Consistency evaluators on (𝑅,𝐻) and map each output to 𝐴 =
⟨𝑝, 𝑐, 𝑠, 𝑑⟩.

2. Add attacks from discrepancy arguments to 𝐶0 when clinical acceptability is weakened or rejected.

3. Add equivalence arguments for formatting, abbreviation, unit, number, or recoverable orthographic

variation, and let them attack superficial discrepancies.

4. Accept undefeated equivalence arguments and undefeated clinically relevant discrepancy arguments.

5. Return clinically-problematic if any accepted major argument attacks 𝐶0; otherwise return

minor-issues if any accepted minor argument remains; otherwise return acceptable, together with

accepted and defeated arguments as justification.

Thus, critical errors cannot be compensated by otherwise correct information, while superficial

mismatches can be defeated when clinical meaning is preserved. In terms of formal argumentation se-

mantics [18], this safety-first deterministic procedure closely aligns with a cautious, grounded semantics

approach. By demanding that the acceptability claim (𝐶0) must be defended against all undefeated clini-

cal discrepancies, the framework avoids multiple conflicting extensions. It yields a single, unambiguous

skeptical extension that is highly suitable for safety-critical medical decision-making.



Table 1
Empirical evaluation results on the clinical ASR dataset.

Metric / Aspect Whisper-large-v3 Specialized Spanish medical ASR

WER ↓ 14.8% 16.9%
CER ↓ 10.1% 14.2%
MC-WER ↓ 4.8% 4.3%
Clinical BERTScore ↑ 97.2% 96.1%
SeMaScore ↑ 87.9% 86.4%

Medication Errors (None/Minor/Major) 62/11/17 79/5/6
Dosage Errors (None/Minor/Major) 85/1/4 84/1/5
Consistency Errors (None/Minor/Major) 75/8/7 70/18/2

5. Results

Table 1 reports the empirical results obtained on the 90-dialogue Spanish medical dataset. The table

includes conventional lexical metrics, semantic metrics, and the distribution of clinical severity labels

produced by the specialized evaluators. Lower WER, CER, and MC-WER values are better; higher

Clinical BERTScore and SeMaScore values are better. The error-count rows report the number of

dialogues classified as none/minor/major for each clinical dimension.

The results show a mismatch between lexical similarity and clinical safety. Whisper-large-v3 achieves

better WER and CER, but produces more major medication and consistency errors. The specialized

Spanish medical ASR model obtains worse WER and CER, but fewer major errors in those dimensions.

Dosage errors are similar, with four major cases for Whisper-large-v3 and five for the specialized model.

Thus, lexical metrics and clinical-risk-oriented evaluation may rank systems differently. A transcript

can be lexically close to the reference while still requiring review, whereas another can contain more

paraphrases or formatting differences but preserve clinically relevant information in specific dimensions.

6. Argumentation-Based Case Analysis

6.1. Case 1: Lower Lexical Error but Unsafe Clinical Meaning

One illustrative case is a traumatology consultation involving a distal radius fracture. The reference

states that the patient is prescribed tramadol as a strong analgesic and that a splint should be kept dry.

Whisper-large-v3 preserves much of the lexical structure of the consultation, but introduces clinically

relevant substitutions: “analgésico” is transcribed as “energético”, “férula” as “célula”, and “fractura de

Colles” as “fractura de coles”.

The framework maps these discrepancies to arguments. 𝐴1
𝑚𝑒𝑑 states that “analgesic” is transcribed

as “energetic”, distorting the treatment function; it is a major attack on 𝐶0. 𝐴1
𝑐𝑜𝑛𝑠 states that “splint” is

repeatedly transcribed as “cell”, weakening or attacking 𝐶0 because care instructions become ambiguous.

A grammatical change in “do not exceed four per day” is only minor because the numerical limit is

preserved. Since 𝐴1
𝑚𝑒𝑑 is accepted, 𝐶0 is defeated and the final decision is clinically-problematic,

despite good surface similarity.

6.2. Case 2: Multiple Medication and Dosage Attacks

A second case involves a cardiology consultation where the patient’s medication list is reviewed. In the

reference, the patient is taking Valsartán 80 mg in the morning, Lexiana 35 mg at midday, Furosemida

40 mg in the morning, Rivotril 0.5 mg, and other medication. In the ASR hypothesis, several clinically

relevant substitutions occur: “Valsartán” becomes “Balsartan”, “Rivotril” becomes “Ribotril”, and “Seguril”

becomes “Seuril”. More importantly, the dose of Lexiana changes from 35 mg at midday to 80 mg in the

morning.



The framework represents these discrepancies as independent but convergent attacks: 𝐴2
𝑚𝑒𝑑 attacks

medication preservation because “Valsartán” becomes “Balsartan”; 𝐴3
𝑚𝑒𝑑 and 𝐴4

𝑚𝑒𝑑 weaken acceptability

because “Rivotril” and “Seguril” are distorted; and 𝐴2
𝑑𝑜𝑠𝑒 is a major attack because “Lexiana 35 mg

at midday” becomes “Lexiana 80 mg in the morning”. The transcription is therefore clinically-

problematic: at least one medication argument and one dosage argument attack 𝐶0, and correctly

transcribed information elsewhere cannot compensate for them.

6.3. Case 3: False Positive Avoided Through Equivalence

The framework also handles cases where surface differences should not become clinical errors. For

example, “10 mg” versus “10 milligrams” or “6–8 hours” versus “six or eight hours” may produce lexical

differences. However, equivalence arguments based on unit normalization and numerical preservation

defeat the initial discrepancy interpretation. The final output is therefore acceptable or minor-issues,

rather than clinically-problematic.

7. Discussion and Limitations

The proposed formulation separates harmless variation from clinical risk. Formatting differences,

spelling variants, and equivalent dosage expressions can be defeated by equivalence arguments, whereas

medication substitutions, dosage changes, missing negations, and semantic inversions attack acceptabil-

ity.

The framework should be interpreted as an argumentation-based formalization of a clinical ASR

evaluation pipeline, not as a fully implemented general-purpose argumentation solver. It makes

evaluator reasoning explicit by representing outputs as premises, conclusions, severity levels, and

clinical dimensions; future work should connect this layer to existing argumentation engines and

compare semantics.

Limitations remain: the dataset has 90 dialogues; validation was performed by one qualified cardi-

ologist; GPT-4o evaluators should be tested across prompts, models, temperatures, and local clinical

language models; and the framework assesses transcription safety with respect to a reference transcript,

not diagnosis or replacement of expert review.

8. Conclusion

This paper presented an argumentation-based framework for evaluating Spanish medical ASR outputs.

Instead of treating ASR evaluation as a scalar similarity measurement, the framework models detected

clinical discrepancies as arguments that support or attack the claim that an ASR hypothesis is clinically

acceptable. The proposed safety-oriented defeat procedure makes major medication, dosage, and

consistency errors non-compensatory, while allowing harmless formatting and recoverable orthographic

variation to be defeated by equivalence arguments.

The empirical analysis shows that conventional metrics may fail to reflect clinical risk: Whisper-large-

v3 achieves better WER and CER, but produces more major medication and consistency errors than a

specialized Spanish medical ASR model. These results support the need for evaluation methods that

explicitly represent clinical severity and provide auditable justifications. Future work will extend the

clinical validation protocol, evaluate multiple argumentation semantics, and study whether structured

argumentation-based explanations improve the efficiency and reliability of expert review.
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