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ABSTRACT
Conventional metrics like Word Error Rate (WER) fail to differ-
entiate between minor variations and potentially life-threatening
medical mistakes. We introduce TEME (Medical Accuracy Test in
Spanish), a supervised multi-agent evaluation framework for Span-
ish medical Automatic Speech Recognition (ASR). TEME employs
a two-layer architecture with specialized agents assessing tran-
scriptions for clinical awareness, overseen by a consensus agent
that applies safety rules. Testing on 90 validated clinical dialogues
shows that TEME successfully captures clinically relevant error
severity that conventional metrics miss, providing a safety-aware
alternative for medical ASR evaluation.
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1 INTRODUCTION
Automatic Speech Recognition (ASR) is vital for reducing the clini-
cal documentation burden, which currently consumes over 50% of
healthcare providers’ time [3]. However, safe deployment remains
constrained by evaluation methods; standard metrics like WER
and CER treat all errors uniformly, regardless of clinical signifi-
cance [7, 9]. This uniform treatment is misaligned with medical
reality, where confusing a medication name or altering a dosage
can have life-threatening consequences while only counting as a
single-token mismatch. While domain-aware measures like Medical
Concept WER (MC-WER) [1] or Clinical BERTScore [6] improve
sensitivity to terminology, they remain static scores that lack ex-
plicit mechanisms for assessing clinical severity or explaining errors.
Furthermore, Spanish medical ASR faces unique challenges due to a
lack of high-quality clinical corpora and diverse dialectal variations.

We argue that medical ASR evaluation should be a supervised,
agent-based reasoning task. We introduce TEME (Medical Accu-
racy Test in Spanish), a multi-agent framework that decomposes
transcription assessment into specialized agents—focused on medi-
cation, dosage, and consistency—operating under a safety-oriented
consensus mechanism. TEME provides a clinically grounded, ex-
plainable evaluation layer essential for safety-critical. Recent stud-
ies demonstrate that structured coordination and deliberation among
multiple agents significantly outperform single-agent baselines in
safety-critical clinical tasks [2, 5, 11].

2 TEME: MULTI-AGENT EVALUATION
FRAMEWORK

TEME implements a supervised two-layer architecture for clini-
cal ASR evaluation, all models are based on GPT-4o [8].The first
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layer consists of three domain-specialized evaluation agents, each
responsible for a distinct clinical dimension. Medication agent
evaluates the correctness of pharmaceutical terminology, detecting
cases where a transcribed medication corresponds to a different
drug or therapeutic class. Superficial spelling variants or formatting
differences are ignored if clinical meaning is preserved. Dosage
agent validates quantities, units, and frequencies associated with
medications. It detects clinically relevant changes in dosage while
ignoring equivalent reformulations (e.g., “200 mg/day” vs. “200
milligrams per day”). Consistency agent assesses overall clinical
coherence, including symptoms, diagnoses, allergies, and instruc-
tions. Particular attention is paid to negations and omissions that
may alter clinical meaning. Synthesized Classification Criteria.
Agents classify results into three categories: NONE (no clinical
change), MINOR (non-critical deviation), or MAJOR (safety-critical
error). A MAJOR error is triggered by drug identity changes, sig-
nificant dosage deviations, or inverted clinical meanings (e.g., "no
allergies" → "have allergies"). The second layer is a meta-agent
consensus agent that filters decisions to ensure agents remain in
their domain . A deterministic rule ensures that any MAJOR error
detected by an expert agent prevails in the final classification.

To evaluate the proposed framework, we present the first clini-
cally validated dataset for Spanish medical dialogues, consisting of
90 conversations ( 67,000 words) across 10 specialties some such
as cardiology, neurology and paediatrics. The corpus combines 23
real anonymized consultations with 67 realistic synthetic dialogues
validated by a physician. The audio was generated using Google
Gemini’s TTS engine. The audio was deliberately degraded (8-bit,
8kHz) to simulate real clinical environments before being processed
by the transcribers [12].

3 RESULTS AND DISCUSSION
We evaluated TEME in a data set of 90 Spanish medical dialogues
covering ten specialties, transcribed using two ASR systems: a
general-purpose model and a medical ASR system adapted to the
domain. Traditional metrics (WER, CER), domain metrics (MC-
WER), Clinical BERTScore adaptation and SeMaScore adaptation
were calculated together with the TEME evaluations. The adapta-
tion of Clinical BERTScore is based on the original proposal byMani
et al. (2020) for English, we implemented a version for Spanish .
This adaptation uses the PlanTL-GOB-ES/roberta-base-biomedical-
clinical-es [4] language model and a curated clinical vocabulary
from the TEME dataset. The metric combines general and medi-
cally weighted similarity using the formula 𝐶𝐵𝐸𝑅𝑇𝑆𝑐𝑜𝑟𝑒 (𝑥, 𝑥) =
𝑘 ·𝐵𝐸𝑅𝑇𝑆𝑐𝑜𝑟𝑒𝑚𝑒𝑑𝑖𝑐𝑎𝑙 (𝑥, 𝑥)+ (1−𝑘) ·𝐵𝐸𝑅𝑇𝑆𝑐𝑜𝑟𝑒𝑎𝑙𝑙 (𝑥, 𝑥), with a con-
trol factor 𝑘 = 0.4. In the adaptation of SeMaScore we implemented
the methodology of Sasindran et al. (2024) [10], which integrates
penalties for error rate with contextual similarity. Our version uses
the same biomedical model in Spanish and performs a segment
alignment between reference and hypothesis, applying penalties
based on the Match Error Rate (MER) to capture structural and
semantic reliability.

Quantitative analysis (see Table 1) shown that Whisper achieved
a lowerWER (3.3%) than Omniloy-medical-voice (4.7%), yet TEME’s
evaluation revealed that Whisper produced 21 MAJOR errors com-
pared to Omniloy’s 12 . This discrepancy proves that traditional

Table 1: System Performance Summary: TEME Error Counts
and ASR Metric Means.

Metric / Aspect Omniloy-medical-voice Whisper

TEME — Error Counts (N) (None/Low/Severe)

Medication (Med) 81/5/6 62/11/17
Dosage (Dose) 84/1/5 85/1/4
Consistency (Consist) 70/18/2 75/8/7
Total Error Count 62/16/12 56/13/21

ASR Mean Values (↓ desirable)

WER (↓ Error) 4.7% 3.3%
CER (↓ Error) 3.6% 2.5%
MC-WER (↓ Error) 4.3% 4.8%
ClinicalBERTScore (↑ Score) 96.1% 97.2%
SeMaScore (↑ Score) 86.4% 87.9%

NLP metrics systematically underestimate clinical risk, as they treat
all substitutions uniformly regardless of their medical consequences
. For instance, Whisper introduced severe clinical distortions by
replacing "analgésico" (analgesic) with "energético" (energetic) and
"férula" (splint) with "célula" (cell), which represent significant risks
to patient safety despite having minimal impact on error rates. Fur-
thermore, factual failures such as transcribing the pharmaceutical
"Atorzet" as the non-existent medication "Torset" yielded a decep-
tively high ClinicalBERTScore of 0.9687 . This demonstrates that
embedding-based metrics lack awareness of medical validity and
can mask dangerous mistakes with high similarity scores . Critical
dosage hazards further illustrated this limitation; a change from "35
mg midday" to "80 mg morning" was correctly flagged as a MAJOR
error by TEME, even though the system maintained a relatively
low MC-WER of 0.0962 in that context . These findings underscore
the necessity of a safety-aware framework like TEME to assess
the semantic coherence and clinical trustworthiness of medical
transcriptions .

4 CONCLUSION AND FUTUREWORK
This work introduced a supervised multi-agent framework for eval-
uating medical recognition of Spanish-speaking patients that ad-
dresses the limitations of conventional metrics that do not capture
clinical severity. By combining specific domain agents for medi-
cation, dosage and consistency under a deterministic consensus
layer, TEME provides an explainable, safety-sensitive and clinically
sound assessment. Future work includes extending the agent set to
additional clinical dimensions, refining inter-agent calibration, and
exploring the integration of TEME into real-world ASR pipelines
and other languages.
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