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Translating Multimodal Intelligence into 
Cardiac Diagnostics: A Critical Perspective on 
Large Language Model–Assisted Electrogram 
Interpretation

To the Editor,

We read with great interest the study by Bozyel et al,1 exploring scenario-based 
evaluation of ChatGPT-4o for intracardiac electrogram (EGM) interpretation in 
pacemaker patients. The staged design—from isolated signals to multiple-choice 
decisions—captures real diagnostic gradients, and the pairing of visual EGM 
inputs with device context mirrors clinical workflows in cardiac implantable elec-
tronic device (CIED) care. Repeating the experiments over 2 months and using con-
sensus adjudication are additional strengths that facilitate a structured appraisal 
of repeatability. Several methodological choices, however, may constrain clinical 
translation. 

First, the reference standard is derived from The European Heart Rhythm 
Association case book answers. These keys are optimized for teaching rather 
than for adjudicating device-specific algorithms across manufacturers.2 Without 
an explicit device-vendor ground truth (e.g., programmer logs, marker chan-
nels, and algorithm state), the study risks construct drift—particularly for pacing 
mode, atrioventricular relationships, and pseudomalfunction, where small label-
ing nuances alter clinical action.

Second, the variable set includes broad constructs (e.g., “understanding”) along-
side technical items (e.g., “timing intervals”). Collapsing heterogeneous targets 
into a single accuracy figure obscures domain-specific failure modes.3 A per-case 
error taxonomy with clinically anchored severities (benign vs. action-triggering 
mistakes such as pacing inhibition or oversensing) would reveal whether observed 
gains translate into safer decisions. Likewise, the “No Answer/Non-Relevant” cat-
egories may dilute misclassification rates; a pre-specified handling plan (penal-
ization or imputation) is needed to avoid optimistic accuracy.

Third, the statistical framework mixes raw accuracy with Cohen’s Kappa and 
Prevalence- and Bias-Adjusted Kappa across multiple features and scenarios 
without interval estimates or multiplicity control. Given known prevalence effects 
on agreement metrics, reporting CIs, decision-relevant thresholds, and a correc-
tion plan for multiple comparisons would prevent over-interpretation.4 Calibration 
analyses (e.g., Brier score for probabilistic outputs or thresholded decision curves) 
are also needed if the goal is clinical support.

Fourth, experimental control and reproducibility require fuller disclosure. Prompt 
templates, system parameters (temperature, top-p), image fidelity (resolu-
tion, compression), and any pre-processing materially affect multimodal per-
formance.5 Without these details, replicability and fair benchmarking against 
electrophysiologists under time constraints remain uncertain.

To advance clinical usefulness, future work may: (i) use programmer-verified ground 
truth spanning major vendors and modes; (ii) define primary endpoints tied to 
patient management (alert triage yield in remote monitoring, detection of pacing 
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inhibition/oversensing); (iii) compare against device special-
ists with timed reads; (iv) report per-phenotype performance 
with severity weighting; (v) pre-register analysis plans with CIs 
and correction for multiplicity; and (vi) explore manufacturer-
specific fine-tuning and human-in-the-loop deployment for 
CIED remote monitoring. Such steps would clarify whether 
the observed gains in context-rich scenarios can meaningfully 
reduce clinician workload while maintaining safety.

In conclusion, while large language models show potential 
for assisting in intracardiac electrogram interpretation, their 
current performance remains exploratory. Robust validation 
with real device data, clinical benchmarks, and reproducible 
methods will be essential before integration into routine car-
diac diagnostics.
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