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Abstract

Electrocardiogram (ECG) models need supervision that targets evolving weaknesses and remains faithful to
waveform evidence. We introduce ECG-RSI, a recursive self-improvement framework combining verified
waveform synthesis with feedback-guided intervention search. Signal remeasurement verifies waveform edits;
construction errors guide generator repair, while learner errors motivate interventions compared on a separate
selection set. Across seven benchmarks, three rounds raise Qwen3.5-35B-A3B's mean question-answering
accuracy from 34.57% to 56.04% and mean classification F1 from 24.27 to 34.03. Across the retained trajectory,
the preferred supervision shifts from direct reinforcement to confusion-focused contrasts. Continued
feedback correction yields diminishing external gains. These results motivate separating error diagnosis from
intervention selection and checking whether gains on the feedback set transfer to independent benchmarks.

Project: https://pork-pay.github.io/ECG-RSI/
GitHub: https://github.com/pork-pay/ECG-RSI

1 Introduction

Electrocardiogram (ECG) interpretation requires connecting waveform patterns to measurable features and
clinically meaningful conclusions. Multimodal models have begun to learn this connection from ECG images and
instruction data [1, 2, 3]. Effective ECG supervision grounds each answer in the waveform presented to the model.
Changes in heart rate, intervals, or morphology can alter the interpretation of related ECG findings.

Existing studies improve ECG supervision through instruction construction and evidence-aware learning [1, 2, 3],
while conditional signal generators expand waveform diversity [4, 5]. Yet it remains difficult to turn a learner’s
specific weakness into a controlled training example. A generated waveform must express the intended ECG feature
without introducing conflicting changes, and its question and answer must agree with the resulting signal. Training
mixtures must adapt to newly identified weaknesses, persistent confusions, and shifts in task difficulty after each
round. Our central insight is to use learner feedback to specify ECG evidence and signal measurements to verify it.

We propose ECG-RSI, a framework that connects targeted ECG data synthesis with feedback-driven recursive
self-improvement (Fig. 1). Its data factory generates questions from existing signals and uses constrained reverse
perturbations to synthesize waveforms with requested feature contrasts. The resulting waveforms are remeasured
before their questions and answers are accepted. Construction failures guide revisions to perturbation operators
and question-generation workflows, while the learner’s errors guide the categories, tasks, and difficulty levels of
subsequent training data. At each round, candidate data recipes are used to train and compare model branches,
and the selected branch informs the next round of synthesis and training.
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Fig. 1 ECG-RSI: feedback-driven data and model evolution. The data factory constructs and verifies ECG questions, with
rejected candidates driving local revisions of operators, prompts, and skills. The main agent diagnoses feedback, proposes
interventions, and selects accepted data for training. The training workshop evaluates candidate checkpoints and supplies
category-, task-, and difficulty-level feedback. Independent evaluation is separated from the update loop. The search tree and
highlighted path illustrate candidate comparison and model selection.

Our contributions are threefold:

* We propose ECG-RSI, a framework that separates construction feedback for repairing data generation from
learner feedback for proposing and comparing subsequent training interventions.

* We develop target-driven reverse waveform synthesis, which translates desired ECG feature contrasts into con-
strained signal perturbations and verifies the resulting waveforms to provide measurement-grounded supervision.

* We analyze how intervention utility changes with the learner: the retained trajectory shifts from direct
reinforcement to confusion-focused contrasts, while continued feedback correction yields diminishing gains on
external benchmarks.

2 Related Work

2.1 ECG Multimodal Learning and Evidence-Grounded Supervision

Medical vision-language foundation models provide a broader basis for domain adaptation. MedGemma adapts
Gemma 3 models for medical image and text understanding and supports further task-specific fine-tuning [6].
Complementary work examines the integration of knowledge graphs with multimodal learning [7].

ECG-language models have progressed from ECG instruction tuning and multimodal alignment toward more
flexible question answering and clinically grounded interpretation. PULSE, a multimodal large language model for
ECG image comprehension, is instruction-tuned on ECGInstruct, an ECG image instruction dataset, and evaluated
on ECGBench, a benchmark for ECG image interpretation [1]. GEM links signal and image representations
to measurable ECG evidence [2]. ECG-R1 incorporates clinical protocols and diagnostic-evidence supervision
into ECG interpretation [3]. Subsequent work broadens the types of questions, input formats, and supervision
available to ECG models: anyECG-chat supports flexible ECG inputs and multiple tasks [8], Q-Heart introduces
knowledge-informed ECG question answering [9], ECG-LLM uses clinically structured questions for cardiac
reasoning [10], and ELF studies a simpler encoder-free ECG-language architecture [11]. MEETI aligns signals,
images, extracted features, and interpretations within a multimodal ECG dataset [12], while ECG-Expert-QA
provides diagnostically diverse questions for evaluation [13]. ECG input representations also affect performance



[14]. Multi-source contrastive learning offers another way to broaden supervision: MS-ECG-FM aligns ECGs with
ECG, echocardiography, radiology, and discharge reports, whose diagnostic information is complementary [15].

ECG Mirage probes whether predictions depend on the patient-specific ECG [16]. ECG-Reasoning-Benchmark
examines stepwise ECG interpretation [17], and recent work evaluates ECG reasoning by separating waveform
perception from clinical deduction [18]. Image-based model evaluations likewise expose the difficulty of reliable
ECG interpretation from rendered tracings [19]. These studies motivate supervision that remains tied to the
waveform presented to the learner. ECG-RSI addresses this need by constructing requested feature contrasts and
deriving questions and answers from measurements of the resulting signals.

2.2 Conditional ECG Synthesis and Controlled Interventions

ECG synthesis has advanced through disease-conditioned adversarial generation [4], conditional diffusion [20, 21],
clinical-text conditioning [22], and report- and patient-conditioned generation [5]. MIDT-ECG and FlowECG
further investigate waveform fidelity, inter-lead coherence, and generation efficiency [23, 24]. More directly related
to controllability, ECGTwin generates condition-guided personalized ECGs while seeking to preserve individual
characteristics [25], and TransDiffECG explores semantically controllable signal generation [26]. Generative
counterfactual ECGs have also been used to study how waveform changes affect an AI-ECG model’s predictions [27].

ECG-RSI constructs training examples for a specified learner weakness: it starts with a training-side waveform and
a requested feature contrast, applies a constrained intervention, and remeasures the result. It accepts an example
only when the intended change is achieved and relevant non-target properties are preserved; its question and
answer are then grounded in the resulting waveform.

2.3 Feedback-Driven Data Evolution and Recursive Self-Improvement

Earlier self-improvement methods revise responses or retain verbal feedback [28, 29], generate instruction data
[30, 31], or iteratively refresh reasoning supervision [32]. More recent systems connect generated tasks to learner
improvement: CoEvolve guides task synthesis using learner behavior [33], NeoHorse-1 adapts post-training
mixtures using capability evidence [34], and Absolute Zero and VisPlay couple task generation with solver
improvement [35, 36]. SynCo makes this dependence explicit by jointly training a synthesizer and reasoner, with
task validity, answer reliability, and outcome-grounded teachability providing feedback to the synthesizer [37].
Multiple reasoner rollouts per task provide this feedback, so estimated teaching value depends on the current policy’s
observed outcomes. RSIBench-Data places data construction and selection at the center of RSI evaluation [38].
Related studies examine whether a self-synthetic pipeline continues to provide learnable information [39], while
VISA revises multimodal instruction synthesis using verification and target-model failures [40]. Recursive on-policy
distillation co-evolves the privileged teacher with the student [41], while RLTL;DR internalizes concise feedback
from failed attempts [42]. Both make the supervision produced by an earlier attempt useful to subsequent learning.

A complementary line changes the mechanism of improvement: agent code and workflows [43, 44], skills [45], data
preparation [46, 47], or environments and search strategies [48, 49]. These updates require assessment: revision
selection [50, 51], evolving self-evaluation [52], hidden evaluations [53], and pairwise candidate ranking [54] provide
different ways to compare candidates. Other studies guide subsequent adaptation [55, 56] or alternate harness
evolution with model learning [57]. Structured knowledge is another object of improvement [58, 59]; in medicine,
MedZERO couples task generation with evidence-grounded reasoning and controlled knowledge accumulation [60].

Paired evaluations also help identify diminishing returns and earlier artifacts worth retaining [61]. In a setting with
frozen model weights, Agent Plasticity measures how efficiently experience produces future held-out gains relative
to learning cost, showing that endpoint performance, acquisition efficiency, and transfer to harder conditions can di-
verge [62]. ECG-RSI grounds intervention proposals in ECG-specific error diagnostics: construction feedback repairs
synthesis, learner feedback proposes interventions, and separate selection and external evaluations assess their utility.

3 Method

ECG-RSI couples verified synthesis with feedback-driven training (Fig. 1). Construction feedback checks waveform
and question validity; learner feedback selects data for model-specific utility [38].



3.1 Framework and Feedback Interfaces

System state and data boundaries. At round t, the system state comprises the accepted learner 0;, retained training
pool Dy, and construction policy ¢;. The policy contains retrieval constraints, waveform operators, prompts, and
reusable rules, separate from learner weights [43]. Source ECGs and morphology donors are restricted to training
data and are patient-disjoint from development and independent evaluation data.

Vi, diagnoses errors; Vg selects models. Evaluation data are held out from generation and selection.

Two feedback loops. Construction feedback identifies invalid waveform edits or questions and guides generator
repair. Learner feedback guides recipes using gaps in ECG capability, question type, difficulty, and confusion pairs.

For a selected update path, one round can be summarized as

e; = Diagnose(6;, Vi),
qt = Plan(e;, Dy; By),
(A¢, Lt, ¢r41) = ConstructValidate(g;, Serain, Ot), 1)
Op+1 = Train(6;, A; UR,),
0+1 = Promote(6;, 5t+1,' Veel)-

Here By is the construction budget, A; the accepted new examples, L; the construction log, and R; the replay
data. Equation (1) describes one candidate; sibling recipes use the same parent with separate examples and policy
versions. Promotion adds the winning examples to D;; otherwise, the parent and retained pool remain unchanged.

3.2 Targeted ECG Synthesis with Measurement-Grounded Supervision

3.2.1 Targeted Waveform Construction

Forward synthesis derives questions, answers, and explanations from measured training ECGs. Reverse synthesis
edits an eligible waveform to express a requested feature contrast, then remeasures the signal before constructing
supervision. Both routes check evidence, context, answer uniqueness, and explanation support.

Reverse requests come from learner weaknesses or distractors in training questions. A normal-versus-prolonged PR
contrast specifies a measurable target and a corresponding waveform edit.

Target selection and constrained editing. A delineator extracts u = f(S) from ECG S: heart rate (HR), R-R interval
(RR), P-onset-to-QRS-onset interval (PR), QRS duration, QRS-onset-to-T-end interval (QT), corrected QT (QTc), and
amplitudes. Feature k on source i is scored by s;x = a;xrrdx: definability a;k, reliability r, and diagnostic utility d.
Eligible scores exceed the registered threshold. Appendix A.6 details conversions, weighting, and scale normalization.

An eligible request specifies the target range, protected features and tolerances, permitted operators and donors,
and attempt budget. The policy applies an operator sequence S’ = T5(S) after checking applicability. PR edits
require P and QRS onsets; complex diagnoses require morphology beyond interval changes (Fig. 2).

3.2.2 Validation and Generator Repair

Re-extract u’ = f(S’) after editing. For target feature k and requested change Ay, record the target error

Etarget = |[fk(sl) - fk(s)] - Ak\

separately from the drift of each protected feature j,

Eprotect,j = |f](s’) - f}(S)| .

Acceptance requires target and protected-feature errors to satisfy their respective tolerances, with checks of
boundary continuity, unedited regions, lead consistency, morphology, leakage, diversity, and cost.

The accepted signal is rendered for question, answer, context, and explanation generation. Review requires a unique
supported answer and evidence for each claimed observation, so supervision follows the remeasured signal.
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Fig.2 Controllable waveform perturbations across rhythm, intervals, morphology, amplitude, and individual leads. The examples
illustrate how an intended feature change is translated into a localized signal edit. Edited waveforms are remeasured to check the
target and protected features before question generation, linking controllable signal changes to evidence-grounded supervision.

Construction failure and generator repair. Repairs follow failures [46]: signal errors guide operator revisions; missing
morphology guides applicability /retrieval revisions; ambiguity guides question/context revisions; unsupported
explanations guide prompt revisions.

Repairs record their trigger, changed rule, validation result, and scope. Old and revised versions are compared
on matched sources, requests, seeds, and budgets; adoption requires signal and question checks to pass.
Appendices A.2 and A.3 describe the rules and recording protocol; Appendix D provides stage prompts.

3.3 Feedback-Driven Recursive Model Improvement

3.3.1 Learner Diagnosis and Data Recipes

Errors, invalid outputs, and regressions guide recipes by category g, learner-relative difficulty d, and supervision s:

mi(g,d,s) = pi(g)pi(d | ) pi(s|g, d). )

Difficulty is learner-relative [35]. For training-side question i, K; independent answers under fixed decoding
settings give pj; = K;! Zﬁl 1[¥ir = yi], used to group reliably solved, mixed-success, and unresolved examples.
Probe budgets, scoring, output-validity requirements, and thresholds are fixed before branch comparison.
Supervision can retain the teacher explanation, expand intermediate ECG evidence, or add checks targeting an
observed learner error. As in iterative reasoning supervision [32], explanations supply training targets; paired
variants must preserve the verified image, question, options, answer, and clinical facts.

Recipes also fix source/edit constraints, replay, and training budgets. Recipe selection changes the data mixture;
operator or prompt repair changes ¢;. These interventions are tracked separately (Appendix A.1).

3.3.2 Same-Parent Branch Exploration

Feedback and training-side probes define three recipe families from the same parent 0; [44, 48]:

* A: Direct reinforcement. Increase quotas for weak categories and question types while retaining related-
category controls: a recipe for atrioventricular (AV) block emphasizes conduction measurements and diagnostic
interpretation.



* B: Confusion contrast. Sample recurrently confused category pairs; construct options and explanations around
their distinguishing ECG evidence. Regional ST-elevation myocardial infarction (STEMI) contrasts, for example,
emphasize lead-specific localization.

¢ C: Difficulty and task curriculum. Reweight difficulty bins and question types using learner probes, e.g.,
increasing L3, multistep, or evidence-chain questions. Curriculum denotes a branch-specific mixture.

Recipes specify sampling quotas and construction requests: retrieve eligible waveforms or apply permitted
edits, then run the shared measurement and question-validity gates (Section 3.2.2). Category, difficulty, and task
constraints can overlap; Tab. 12 lists each round’s actual mixtures.

Each branch retains the same historical training manifest and adds 10,000 previously unused accepted questions,
without an extra shared baseline set. All branches use three epochs of supervised fine-tuning (SFT) with matched
settings; the language model is updated while the vision encoder and multimodal aligner remain frozen. For ECG
image I, question Q, optional context C, and explanation-answer target y, the training loss is

Luca =~ logpo(ye | 1,Q,C,y<o). 3)
¢

Replay and new-data exposure are recorded in examples and tokens; training settings appear in Appendix A.5.

3.3.3 Model Selection and Retained Lineage
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Fig. 3 Schematic of feedback-guided model evolution. A/B/C
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4 Experiments

We evaluate benchmark performance, round-wise gains, and the training value of feedback-guided synthesis. The
analysis asks how feedback granularity affects data utility, which candidate directions yield the strongest updates,
and whether reductions in feedback errors transfer to external benchmarks.

The seven-benchmark aggregate (S7) is the equal-weight mean of four accuracy and three F1 scores on a 0-100 scale.
MMMU-ECG, CSN, and G12EC use single-choice accuracy; ECG-QA uses exact-match accuracy over answer sets.
PTB-XL, CPSC2018, and CODE-15% are multi-label classification tasks. F1 is the harmonic mean of precision and
recall; A denotes an absolute score difference.

Evaluation tasks. We evaluate eight ECG tasks comprising 10,840 items. The seven tasks included in S7 contain
10,697 items; the 143-item MedXpertQA-MM ECG subset is reported separately. S7 weights task scores equally and
excludes MedX and LUDB. Appendix B.5 (Tab. 21) lists the datasets, split identifiers, sample counts, and metrics.



4.1 Main Benchmark Results

Tab. 1 compares the recorded scores of closed-source, open-source, and ECG-specific models with ECG-RSI on
seven benchmarks. ECG-RSI R3 has the highest S7 (46.61) among the compared models.

After three rounds, Qwen3.5-35B-A3B's mean accuracy across the four question-answering (QA) benchmarks
increases from 34.57% to 56.04%, a 21.47-percentage-point gain; its mean F1 across the three classification benchmarks
increases from 24.27 to 34.03, a 9.77-point gain. Gains are calculated from unrounded means.

Tab.1 Comparison of ECG-RSI with proprietary, open-source, and ECG-specific models on seven benchmarks. The first
four columns report question-answering accuracy and the next three report classification F1; S7 is their equal-weight
mean on a 0-100 scale. ECG-RSI R3 achieves the highest aggregate score.

MMMU CPSC  CODE
Model / method ECG EEIN - (Gabage JHUER0) JHUEL - o 15% S7
Acc. Acc. Acc. F1
Acc. F1 F1

Proprietary models

GPT-5.6-so0l 56.00 58.70 60.20 32.10 37.40 24.30 42.80 44.50
Gemini-3.8-Flash 59.10 57.90 59.60 33.40 36.80 23.70 40.90 44.49

Open-source and base models

* LINGSHU-7B [63] 47.60 45.20 46.80 26.30 33.87 18.60 36.50 36.41
* LINGSHU-32B [63] 51.30 48.90 50.40 28.70 39.45 20.80 38.20 39.68
* HuatuoGPT-V-7B [64] 44.80 41.60 43.20 25.40 31.15 17.30 33.90 33.91
Qwen3.5-35B-A3B 42.00 30.91 41.36 23.99 29.50 13.10 30.20 30.15
*ECG-R1 [3] 38.12 44.87 47.05 28.63 2291 17.88 34.55 33.43
*PULSE [1] 39.24 45.16 43.87 21.55 26.08 14.92 26.82 31.09
ECG-RSI
*ECG-RSIRO 42.00 30.91 41.36 23.99 29.50 13.10 30.20 30.15
* ECG-RSI R3 57.50 67.23 66.24 33.18 38.30 22.80 41.00 46.61

All scores are on a 0-100 scale. Bold and underlining mark the best and second-best values within each model group; ties
share a rank. Blue shading highlights our final model. * denotes medical specialization. Qwen3.5-35B-A3B is the initial
model (ECG-RSI R0). ECG-R1 and PULSE are ECG-specific comparison models.

4.2 Evolution across Rounds

Tab. 2 and Fig. 4 show the R0-R3 trajectory of series R-A. Each winning branch adds 10,000 new accepted questions
to the cumulative training set and replays all prior data. Appendix B provides feedback breakdowns.

Tab. 2 Round-wise benchmark performance of series R-A. RO is the starting model; each accepted update adds 10,000 new
questions while retaining historical training data. Bold and underlining mark the best and second-best values within each column;
blue/red arrows indicate increases/decreases from the previous round, and blue shading marks R3. Aggregate performance
improves through R3, although several individual metrics peak at R2.

MMMU CPSC CODE

RAround  ECG iSN GiZEC ECAG'QA PTEXL 2018 15% S7
ACC. CC. CC. CC. Fl F1

RO 42.00 3091 1136 23.99 29,50 13.10 30.20 3015
R1 48.001 61.681 64.611 33.561 32.907 23.001 38.801 43227
R2 56.001 64.861 66391 34.55) 36407 23.901 41501 16231
R3 57.501 67.231 6624 3318 38.301 22,801 41.00, 16.617
A(R3—RO) +15.507 +36.327 +24.887 +9.197 +8.807 +9.707 +10.807 +16.467

RO is the starting model in R-A. A(R3—R0) reports the total score difference; arrows in R1-R3 indicate changes from the previous
round.



Section 4.4 analyzes feedback errors by ECG capability, question type, and difficulty; Tab. 4 reports the question-type
and difficulty breakdowns, and Tab. 5 reports the ECG-category breakdown.

4.3 Validation-Set Performance

MedX denotes the ECG subset of MedXpertQA. LUDB denotes the Lobachevsky University Electrocardiography
Database, whose waveform annotations include P-wave, QRS-complex, and T-wave boundaries and peaks. The
LUDB accuracy below refers to the ECG evaluation task constructed from that database.

Tab. 3 and Fig. 4(c) show that MedX accuracy rises from 51.57% to 57.24%, despite a small R2 decline. LUDB
accuracy improves at every round, from 53.45% to 67.24%.

Tab. 3 Validation accuracy on MedX and LUDB across four rounds. The change columns report later minus earlier accu-
racy, in percentage points. Both datasets improve overall; LUDB increases at every round, whereas MedX shows a small
intermediate decline.

Accuracy (%) Accuracy difference
Dataset RO R1 R2 R3 R1-RO R2-R1 R3-R2 R3-R0O
MedX 51.57 55.94 55.86 57.24 +4.37 -0.08 +1.38 +5.67
LUDB 53.45 61.28 63.28 67.24 +7.83 +2.00 +3.96 +13.79

Fig. 4 summarizes round-wise benchmark and validation performance together with historical strategy trajectories.
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Fig. 4 Round-wise benchmark, validation, and strategy results. (a) Four multiple-choice question (MCQ) accuracy metrics;
(b) three classification F1 metrics; (c) MedX and LUDB validation accuracy; (d) seven-benchmark aggregate score (S7) for tree,
uniform-allocation, and chain trajectories. Higher values indicate better performance. Error bars show +1 standard deviation
(SD) where available; LUDB has no SD bars. The panels distinguish broad gains from task-specific fluctuations and the late-round
declines of the two strategy controls.

4.4 Feedback Diagnostics across Rounds

Error rates fall from 26.11% to 12.97% for L1, from 38.52% to 24.43% for L2, and from 58.20% to 38.17% for L3. L3
has the largest reduction and highest R3 error rate. Errors keep falling as S7 gains diminish (Section 5.9).

Tab. 4 summarizes error rates by question type and difficulty; Tab. 5 gives the ECG-category breakdown. These
development-feedback statistics diagnose data needs. Overall feedback uses 3,000 questions, with 1,189, 983, 803,
and 640 errors at RO-R3. Appendix B lists the category-level counts.



Tab. 4 Feedback error rates (%) by question type and difficulty across R0-R3. N is the group size; full difficulty-level error
counts appear in Tab. 17.

Question type Difficulty
Round PM IA CD L1 L2 L3
N 1,037 1,186 777 1,218 1,093 689
RO 32.98 38.87 43.37 26.11 38.52 58.20
R1 26.62] 32.80] 38.74] 20.28] 33.12 51.81]
R2 21.31) 27.57] 33.85] 16.09| 28.27] 4441
R3 17.65] 23.10) 29.73| 12.97| 24.43| 38.17|
Aos3 15.33} 15.77] 13.64| 13.14] 14.09] 20.03]

PM: perception/measurement; IA: interpretation/analysis; CD: clinical decision/treatment. Blue shading marks R3;

bold /underlining mark the lowest/second-lowest rates. Blue arrows indicate decreases from the previous round; Ag_,3 is RO
minus R3 error rate, in percentage points.

Tab. 5 ECG-category feedback error rates (%). N: recorded sample count; Ag_,3: RO minus R3 error rate, in percentage points
(computed before rounding). Blue marks R3; bold/underline mark the best/second-best rates; | marks reductions. Full names

and counts: Tab. 18.
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Mozl 137 182 184 152 148 189 176 182 202 21.0 203 173 170 181 186 207 213 178 194 187 188 195 218

5 Ablation Studies

We first assess waveform validity and the contribution of synthesis components. We then examine three linked
questions: whether finer feedback improves training utility, whether the most prominent weakness determines the
best training direction, and whether continued feedback improvement translates into external gains.

5.1 Effectiveness of the Synthesis Method

Quantitative waveform-feature validation. We report waveform-feature error statistics, including mean absolute error
(MAE) and root mean squared error (RMSE), from a single synthesis run of 10,000 samples in Tab. 6.

All six features meet the adopted MAE criteria (Status = Met), supporting numerical fidelity of the synthesized
waveforms.
For each feature, let e; = £; — x; and compute

E:%Zei, MAE = %Z|€i|/
i i

(4)

RMSE = %Ze?,

i

2 _
S, =

- i - Z(ei —e2.



Tab. 6 Waveform-feature errors from a single synthesis run of 10,000 samples and comparison with the adopted MAE criteria.
Blue marks MAE values meeting the adopted criteria.

MAE

Feature Unit Bias MAE RMSE sg limi Status
imit
HR bpm 0.63 2.14 2.22 4.53 <3 Met
RR ms 3.11 15.28 15.36 226.28 <20 Met
PR ms 0.57 7.71 7.78 60.21 <25 Met
ORS ms 4.12 4.58 4.61 4.28 <30 Met
QT ms 0.94 9.71 9.85 96.15 <30 Met
QTc ms 0.86 10.22 10.34 106.19 <40 Met

Error is remeasured minus target. Bias, MAE, RMSE, and limits use the listed unit; sg uses squared units and denominator n — 1.
Limits are the evaluation criteria adopted for this experiment. Variance values are approximations reconstructed from the

reported two-decimal Bias and RMSE, with n = 10,000 valid observations per feature: 52 = %(RMSE2 - Biasz).

5.2 Blinded Review by Human Physicians

Tab. 7 Physician review of 240 examples (95% confidence intervals). Stages 1-3 assess morphology, editing fidelity, and
answers/explanations.

Metric Value  95% CI n  Source
Target attainment 0.82 [0.76,0.87] 240 Stage 2
Non-target preservation 0.79 [0.73,0.84] 240 Stage?2
Morphology consistency 0.86 [0.81,0.90] 240 Stage1
Lead consistency 0.83 [0.78,0.88] 240 Stagel
Answer accuracy 0.88 [0.83,0.92] 240 Stage3
Explanation support 0.76 [0.70,0.81] 240 Stage3
Expected-parameter references 0.09 [0.06,0.13] 240 Stage3
Inter-rater x 0.78 [0.71,0.85] 240 Two raters

ClIs use Wilson intervals or bootstrap; k is Cohen’s k. Lower expected-parameter reference rates are better; higher values are
better for the other metrics.

We randomly sample 240 examples stratified by six edit types (HR, RR, PR, QRS, QT, and QTc), with 40 examples
per type. Two human physicians score the examples independently. We report 95% confidence intervals (Cls) for
the review metrics.

In stage 1, target labels, generation parameters, and teacher responses are hidden while waveform morphology
and lead consistency are assessed. In stage 2, the physicians inspect the before/after waveforms and editing
targets to assess target attainment and non-target preservation. Stage 3 assesses answers, explanations, and
expected-parameter references.

Answer correctness and evidence support. Mean physician ratings are 0.88 for answer correctness and 0.76 for
explanation support (x = 0.78). The stages assess morphology, editing fidelity, and answer/explanation quality.

Tab. 8 Clinical review by edit type: 40 examples per type, 240 overall. Values are aggregated physician ratings; higher is better.

Edit n Target Preserve Morph. Answer Support
HR 40 0.85 0.80 0.88 0.90 0.78
RR 40 0.78 0.75 0.82 0.85 0.72
PR 40 0.80 0.78 0.85 0.88 0.75
QRS 40 0.83 0.81 0.87 0.89 0.77
QT 40 0.82 0.79 0.86 0.87 0.76
QIc 40 0.84 0.80 0.88 0.89 0.78
Total 240 0.82 0.79 0.86 0.88 0.76

Variation across edit types. Target attainment ranges from 0.78 for RR to 0.85 for HR. Explanation support varies
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from 0.72 to 0.78 and remains below answer accuracy for every edit type. The stratified results show that the gap is
shared across editing targets.

The columns distinguish target attainment, preservation of non-target features, morphology consistency, answer
accuracy, and explanation support.

5.3 Multi-Model Question-Quality Scores
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Fig. 5 Recorded scores from five models for synthetic ECG questions across 23 categories (0-100 scale). The bottom row is the
per-category arithmetic mean across models; the unweighted mean over all 115 model—category cells is 85.09, reported as the
full-method Question score in Tab. 10. The shared color scale spans 60-100, from light blue (low) to dark blue (high).

Fig. 5 shows five-model scores across 23 ECG categories. R1 uses 10,000 of 16,193 candidate questions.

5.4 Data Construction and Feedback Selection

Four data configurations each add 10,000 SFT questions from the same checkpoint (57 = 43.22).

Tab. 9 separates ordinary questions, for- Tab. 9 Data-construction and selection ablation from a shared checkpoint
ward synthesis, added reverse synthesis,  with S7=43.22.

and feedback-guided selection. AS7 is rel-
ative to the shared checkpoint. Ordinary

questions and forward-only synthesis yield A Ordinary training-side questions 4415 +0.93
similar scores (44.15 and 44.27). Adding

Group Added data S7  AS7

N B Forward-only synthesis 44.27 +1.05
reverse synthesis raises S7 to 45.56; feedback- C F d+ fixed selecti " 4556 4254
guided selection further raises it to 46.23, OTwarc v feverse, ixed selection propottions YT
the largest gain. D Forward + reverse, feedback-guided selection ~ 46.23 +3.01

5.5 Synthesis-Component Ablation

Tab. 10 compares synthesis updates at a fixed target of 10,000 accepted questions. The full method requires 16,193
candidates to reach this target, versus 36,723 with operator updates frozen and 22,398 with skill updates frozen (2.27
and 1.38 times as many, respectively). Freezing updates reduces question-quality scores and downstream R1 S7.

5.6 Feedback Granularity and Training Utility

To isolate feedback resolution, Tab. 11 compares four selection configurations from the same parent (57 = 43.22),
each adding 10,000 accepted questions. Only the feedback dimensions used for selection vary.
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Tab. 10 R1 synthesis efficiency and training outcomes at a fixed target of 10,000 accepted questions. Candidate counts include
rejected questions, and the pass rate measures the fraction accepted. Question scores assess generated-data quality, whereas
S7 measures downstream model performance; AS7 is relative to the full method. Freezing operator or skill updates increases
candidate requirements and reduces both quality scores and downstream performance.

Method Candl.dates P?SS Question sy AS7
required (%) score

Full method 16,193 61.76 85.09 43.22 0.00

Freeze operator updates 36,723 27.23 71.90 39.29 -3.93

Freeze skill updates 22,398 44.65 79.20 40.15 -3.07

Each method trains on 10,000 accepted questions. The full-method Question score (85.09) is the unweighted arithmetic mean of
the 115 model-category scores (five models X 23 categories) in Fig. 5, using the same question set and scoring rubric. Candidates
include rejections; AS7 compares with the full method.

. . . . Tab. 11 Feedback granularity under a common parent and a fixed budget of
The .ﬁxed-.rmxture and .four—dlm.ensmr.lal 10,000 added questions per configuration. AS7 is relative to the parent score
configurations share their endpoints with of 43.22. The final column isolates the gain over fixed selection.

Tab. 9. Category-only feedback yields

S7 = 45.60, close to 45.56 with fixed se-  Feedback used for selection S7  AS7 A$7 Ve
lection. Adding question type raises S7 i)
to 45.98; including difficulty and confu-  None: fixed mixture 4556 +2.34  0.00
sion pairs raises it further to 46.23. With ~ ECG category 45.60 +2.38  +0.04
the same added-data volume, resolving  Category + question type 4598 +276  +0.42

these finer capability gaps produces more  Category + type + difficulty + confusion pairs ~ 46.23 +3.01  +0.67
useful training examples.

5.7 Round-Wise Branch Selection and Data Composition

Feedback-guided branch evolution compares candidate interventions at each round and retains the best qualifying
update on a separate selection set. Tab. 12 reports all three same-parent candidates at each transition. Each candidate
adds 10,000 accepted questions with matched historical replay and training settings. Selection uses Sgej on Ve,
distinct from external S7.

Tab. 12 Actual candidate compositions and branch choices across three rounds. A, B, and C denote direct reinforcement,

confusion contrast, and difficulty /task curriculum. Exactly one branch is retained per round. Percentages describe overlapping
attributes of each branch’s 10,000 examples. Pair percentages cover the listed pair families jointly.

Round Branch New-data composition See1  Decision
RO—-R1 A AV block 45%; L3 50%; measurement questions 60% 42.66 v Retain
B Mobitz I/1I and LBBB/RBBB contrasts 55%; L3 40% 40.51 Archive
C L2+L3 60%; clinical-reasoning questions 50% 38.27 Archive
R1-R2 A Four regional STEMI categories 50%; L3 55%; image-localization questions 45% 4412 Archive
B Anterior/lateral and inferior/posterior STEMI contrasts 60%; L3 45% 45.08 v Retain
C L3 70%; multistep-reasoning questions 55% 43.55 Archive
R2-R3 A AF/AFL/PAC/PVC categories 45%; L3 50%; rhythm-reading questions 55% 4590 Archive
B AF/AFL and PAC/PVC contrasts 55%; L3 45% 46.03 / Retain
C L3 65%; evidence-chain explanation questions 50% 4471 Archive

AV: atrioventricular; LBBB/RBBB: left/right bundle branch block; STEMI: ST-segment elevation myocardial infarction; AF/AFL: atrial
fibrillation/ flutter; PAC/PVC: premature atrial/ventricular contraction.

From weak-category coverage to discriminative evidence. Direct reinforcement is preferred in the first comparison,
despite a 52% Mobitz I/1I confusion error in the parent. Branch A reaches Sge = 42.66, compared with 40.51 for
the contrast-focused branch. Its emphasis on AV-block coverage and measurement is followed by reductions in
L3 and Mobitz II errors (Tab. 13). A prominent confusion therefore does not, by itself, identify the best candidate
intervention in this comparison.
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The later comparisons favor confusion-focused supervision. Regional STEMI contrasts score 45.08 in R1—R2,
versus 44.12 for direct reinforcement and 43.55 for curriculum adjustment. Rhythm contrasts score 46.03 in R2—R3,
versus 45.90 and 44.71 for the alternatives. L3 errors remain substantial throughout these comparisons, but the
curriculum-focused candidate is not selected in either comparison.

Tab. 13 Data retained along the selected lineage and subsequent feedback outcomes. Counts are derived from the winning
branch percentages and its 10,000 accepted questions. Category/pair counts overlap with L3 counts. Blue shading marks the
final update; bold counts identify the targeted data, and blue values mark the updated error rates.

Update Retained data Error rate (%): before — after

RO—R1 (A) AV block: 4,500 (45%); L3: 5,000 (50%); L3: 58.20—51.81; Mobitz II: 48.57—40.95
measurement: 6,000 (60%)

R1—R2 (B) Regional STEMI contrasts: 6,000 (60%); L3: 4,500  L3: 51.81—44.41; posterior STEMI: 40.74—34.26

(45%)
R2—R3 (B) AF/AFL and PAC/PVC contrasts: 5,500 (55%); L3:  L3: 44.41—38.17; AF: 26.62—21.43; AFL:
4,500 (45%) 31.97—26.53

Tab. 13 connects the selected recipes to subsequent feedback outcomes. Both later recipes retain 4,500 L3 questions
while changing the targeted diagnostic contrasts, illustrating that difficulty and content are overlapping recipe choices.

5.8 Comparison of RSI Evolution Strategies

Tab. 14 and 15 compare tree, uniform-allocation, and chain trajectories in R-A. Tree finishes at S7 = 46.61, ahead of
uniform (41.45), chain (43.70), and chain's best round (44.75).

All three strategies improve over R0.  Tab. 14 S7 trajectories in R-A. The last three columns report total gain, the final-
In the final round, tree rises from  round change, and the final gap to tree. Blue shading marks tree; all differences

46.23 to 46.61, while uniform falls  use the 57 scale.

from 43.25 to 41.45 and chain from R3 vs.
4475 to 43.70. Chain leads R1; tree ~ Strategy RO L - R3 ~ R3-RO R3-R2 .
finishes highest.
Tree 30.15 43.22 46.23 46.61 +16.46 +0.38 0.00
Uniform 30.15 39.67 43.25 41.45 +11.30 -1.80 -5.16
Chain 30.15 44.20 44.75 43.70 +13.55 -1.05 -2.91

Tab. 15 Synthesis-update ablations and historical strategy trajectories (S7, higher is better). Left: R1 mean + standard deviation; A
is relative to the full method. Right: round-wise S7; Ag_,3 is the total improvement. Blue/red arrows denote increases/decreases
from the reference or previous round. Bold/underlining mark the best/second-best scores in each comparison. Blue shading
highlights the full method and R3.

Synthesis updates (R1) Historical strategies
Method S7 (mean = SD) A Round Tree Uniform Chain
Full method 43.22 +1.40 0.00 RO 30.15 30.15 30.15
Freeze operators 39.29+1.30 -393] R1 43.227 39.677 44.207
Freeze skills 40.15+1.30 -3.07] R2 46.237 43.257 44.751
R1 S7 falls from 43.22 to 39.29 with frozen operators and to R3 46.617 41.45| 43.70]
40.15 with frozen skills. See Tab. 10 for synthesis efficiency. Ao +16.467 +11.307 +13.557

5.9 Results Analysis

Fine-grained feedback improves training utility. With a shared parent and 10,000 added questions, S7 reaches 46.23
with full feedback, versus 45.56 with fixed selection and 45.60 with category-only feedback (Tab. 11).

Error diagnosis proposes candidates; comparison selects the update. The retained path in Tab. 12 changes from direct
reinforcement to confusion-focused supervision. This supports treating feedback as a source of candidate
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interventions, rather than a deterministic prescription for the next data mixture. The training utility of a proposal
is assessed by comparing candidates from the same parent.

Useful training evidence changes with the learner. The selected data move from AV-block measurements to regional
STEMI contrasts and then rhythm contrasts. These changes concern both what evidence is targeted and how it
is presented. Historical data are replayed, while fresh feedback redirects the next additions; the reported path
therefore reflects repeated intervention selection rather than repetition of a fixed recipe.

Local correction has diminishing external returns. In the category-level summary, feedback error falls from 39.63% to
21.33% across R0-R3, but successive external S7 gains shrink to 13.07, 3.01, and 0.38 (Tabs. 18 and 2). ECG-QA,
CPSC2018, and CODE-15% regress in R3 despite fewer feedback errors. In this run, continued correction on the
feedback set is therefore insufficient to characterize external progress. Transfer value and regressions must be
examined alongside error frequency.

6 Conclusion

ECG-RSI combines verified bidirectional synthesis with empirical comparison of training interventions. The
retained recipe shifts from direct reinforcement to confusion-focused contrasts as the learner changes. This supports
separating weakness diagnosis from intervention selection within the tested setting: an error profile proposes
directions, while candidate comparison determines which update to retain.

Across three rounds, S7 rises from 30.15 to 46.61, and MedXpert ECG accuracy from 51.57% to 57.24%. Operator
and skill updates improve synthesis efficiency and downstream performance. However, continued feedback-error
reductions yield diminishing S7 gains, so transfer and regression checks remain necessary for interpreting progress
beyond the feedback set.
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Appendix Contents and Reading Guide

The entries below link to all supplementary sections and their starting pages.

Section Contents Page

A Supplementary Method Details 18
Data recipes, construction repair, recipe search, and implementation settings.

Al Student-Conditioned Data Recipes 18
Learner-conditioned recipe design and controlled difficulty probes.

A2 Construction Feedback and Versioned Repair 19
Construction failure diagnosis and version-controlled generator updates.

A3 Waveform Construction and Validation Details 19
Waveform editing operators and signal-level validation rules.

A4 Bounded Recipe Search within the Learning Loop 20

Candidate recipe branching, evaluation, and model promotion.
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A6 Parameter Extraction and Selection Details 21
ECG measurement extraction, reliability, and parameter selection.

B Supplementary Experiments and Data 21
Feedback counts, branch records, and waveform measurements.

B.1 Difficulty-Level Feedback Counts 21
Round-wise feedback counts for each difficulty level.

B.2 Category-Level Feedback Counts 21
Round-wise feedback counts across ECG task categories.

B.3 Supplementary Branch-Evaluation Records 22
Candidate branch evaluation and selection records.

B.4 Multi-Seed Results on ECG Tasks 23
Multi-seed evaluation results and variability across ECG tasks.

B.5 Evaluation Splits 23
Eight enabled splits, sample counts, and metrics (Tab. 21).

C ECG Task Taxonomy 23
Medical grouping of the 23 ECG task categories.

D Stage-wise Prompt Templates 24
Instructions for the construction, review, repair, and learning stages.

D.1 Constrained waveform construction 24
Waveform editing constraints and structured construction outputs.

D.2 Evidence-grounded question and context generation 25
Question and context generation grounded in waveform evidence.

D.3 Teacher answer and evidence explanation 25
Teacher answers and supporting evidence explanations.

D4 Independent quality and acceptance review 25
Independent checks for question quality and acceptance.

D.5 Construction failure and versioned repair 25
Failure analysis and versioned generator repair.
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Learner error diagnosis and next-round recipe proposals.
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PR-interval editing and the corresponding question-answer example.

E.2 Case 2: Heart-rate slowing 30

Heart-rate editing and the corresponding question-answer example.

A Supplementary Method Details

A.1 Student-Conditioned Data Recipes

Equation (2) defines the joint recipe over category, difficulty, and supervision representation.

Here g is a task/capability category, d is learner-relative difficulty, and s is a supervision representation. Each recipe
also registers retrieval/edit constraints, replay, and budgets. The operator and prompt library ¢ determines which
requests can be constructed. Selecting among fixed templates changes the recipe; editing a template or operator

changes the library version. These interventions must be evaluated separately.
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Difficulty estimation. With the current learner and decoding settings fixed, answer each training-side candidate
independently K; times and estimate difficulty from its fraction of correct responses:

Ki
—~ 1 ~
pit = Z le 1[]/ir = ]/i]- ®)

r=

Group candidates into reliably solved, mixed-success, and unresolved questions.

Supervision representations. A verified question can have (i) the original teacher rationale, (ii) an evidence-
expanded rationale making required intermediate observations explicit, and (iii) an error-targeted rationale adding
checks motivated by the student’s observed failure pattern. “Chain of thought (Col')” denotes teacher-generated
explanations used for supervision. Store token count under the student’s tokenizer, required evidence-step coverage,
and the checks added. Paired expansions preserve the image, question, options, answer, and clinical facts.

Difficulty belongs to the current learner. Register the rollout budget, concept-level scoring, position-counterbalancing
policy, minimum valid-output rate, and binning thresholds before branch comparison. Approximate bins are reliably
solved, mixed success, and unresolved; 0/K; denotes unresolved performance under this probe. Parsing/truncation
remain separate flags: report end-to-end correctness and correctness conditional on valid output.

ECG-specific supervision repair. For a QRS-width error, a candidate expanded target identifies QRS onset/offset,
converts grid distance to milliseconds, and checks the threshold, using independently verified fiducials. If
measurements are already correct but the label is wrong, add the relevant cross-lead differential evidence. Error
type and waveform evidence guide interventions, supported by contrastive probes, scored outputs, and signals.

Fig. 3 maps feedback to data-selection and generation requests for branch validation.

A.2 Construction Feedback and Versioned Repair
Acceptance also checks leakage and diversity.

Repair by failure type. Acceptance tracks target attainment, non-target drift, continuity, lead consistency, morphology,
context, answer uniqueness, and cost. Target errors or boundary artifacts guide operator revisions; missing
morphology guides applicability /retrieval revisions; ambiguity guides question/context revisions; unsupported
explanations guide prompt revisions.

Reusable rules and version records. Each skill specifies applicability, sources, operator order, parameter ranges, failure
handling, and question rules. Updates record feedback, changes, proposer, both versions, validation results, and
next-round scope. Compare the original and revised versions on the same source signals, requests, random seeds,
and attempt budgets, and adopt revisions after independent operator and question regression checks.

A.3 Waveform Construction and Validation Details

Bidirectional synthesis and reverse perturbation. The forward route measures and renders a real training waveform,
then constructs a supported question, context, and answer. The reverse route selects an eligible training waveform
for a target contrast, applies constrained operators, and remeasures it before rendering and question construction.

A PR-interval contrast requires measurable P and QRS onsets. The edit must reach the target range while
preserving heart rate and QRS morphology within fixed tolerances. Complex disease patterns require verified
morphology and clinical evidence. Both routes share question, context, and explanation checks. Bidirectional
synthesis creates examples; dual feedback repairs construction and chooses subsequent requests.

Sources: (i) retrieved training ECGs, (ii) reused /reweighted accepted questions, (iii) training-distractor targets, (iv)
controlled edits, and (v) audited training-side morphology donors. Check feasibility, applicability, and evidence.

For a source S and permitted donor set, construct S’ = T5(S) and re-extract u’ = f(S’). Store target error
I[fx(S") — fr(S)] - A;eque5t| and protected drift |f;(S") — fi(S)| separately. Check continuity, unedited regions, lead
alignment, and class morphology. Sources/donors are patient-disjoint from feedback, selection, and evaluation.
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A.4 Bounded Recipe Search within the Learning Loop

Construction feedback validates examples and guides generator repair. Learner feedback supplies the demand
profile and delayed utility for recipe selection. Each round follows five registered steps:

1. Score the accepted learner on Vi, and probe training candidates to update category, difficulty, and error profiles.

2. Propose a bounded recipe set A; from these profiles and prior outcomes; save the proposer and exact recipe.

3. Construct and validate each recipe’s training data under fixed gates. From the same parent checkpoint, run
matched small-budget SFT branches with fixed replay and optimizer settings.

4. Compare candidates under the registered selection protocol, including forgetting and output validity.

5. Promote the accepted candidate and its recipe/policy versions, then remeasure for the next round. Full-budget
retraining of a pilot winner restarts from the registered parent and requires validation before promotion.

For branch a, the simplest candidate utility is
Aut(a) = Ssel(SFT(Qt/ Dta U Rt;b)) - Ssel(et)/ (6)

Here AU, (a) is the selection-score improvement of branch a over its parent, not a weighted sum over branches. Sg
evaluates a learner on Vi and is distinct from the external seven-benchmark score S7. Here b is the shared pilot
budget; S, is the preregistered capability-macro score over fixed eligible tasks.

Each round trains candidate branches from the same parent, compares them on a fixed development set, and retains
the best qualifying branch. The next round starts from that model, while unselected branches are archived. The
search tree records candidates; the retained path records the selected model updates.

Fig. 3 illustrates candidate exploration and checkpoint inheritance, with a colored example lineage. Section 3.3.2
defines the three recipe families; Tab. 12 reports measured compositions, scores, and selections.
A.5 Training Configuration

Each round uses three training epochs and a maximum sequence length of 28,672 tokens. Packing, padding-free
batching, and sequence parallelism are enabled. The micro-batch size is per GPU.

Tab. 16 Training hyperparameters and distributed settings.

Parameter Setting Parameter Setting
Sequence and topology Optimization
Epochs / maximum tokens 3 /28,672 Optimizer Distributed Adam
Micro-batch / global batch 1/32 Peak / minimum LR 1075 /1077
Gradient accumulation 1 Schedule / warmup Cosine / 5%
GPUs (nodes x GPUs) 128 (16 x 8) Weight decay / grad. clip 0.1 (constant) / 1.0
DP /TP /PP /CP 32/4/1/1 Adam B1/B2/€ 0.9/0.95/1078
EP / ETP 8/1 Compute / master precision bfloat16 / float32
Packing / padding-free Enabled / enabled CPU offload fraction 1.0
Modules and experts
Attention backend FlashAttention Grouped GEMM Enabled
Recompute modules core_attn,moe, Permutation fusion Disabled
mlp

Shared-expert overlap Enabled Auxiliary loss / router dtype 107° / float32

DP, TP, PP, CP, EP, and ETP denote data, tensor, pipeline, context, expert, and expert-tensor parallelism.

Distributed Adam uses cosine learning-rate (LR) decay with 5% warmup. Computation uses bfloat16; master
parameters, gradients, and Adam states use float32. Optimizer CPU offload is enabled with fraction 1.0.

The language model is trainable; the vision encoder and multimodal aligner are frozen. Selected modules are
recomputed, with FlashAttention as the attention backend. GEMM denotes general matrix multiplication.

Open-data curation and capacity-aware post-training for broader multimodal reasoning are also studied in
MM VistaReason [65].
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A.6 Parameter Extraction and Selection Details

A delineator supplies candidate measurements
u=f(S), ueRM 7)

At 25mm/s, a 1 mm horizontal square is 40 ms and a 5 mm square is 200 ms; at 10 mm/mV, 1 mm vertically is 0.1 mV
(a 5mm square is 0.5mV). PR is measured from P onset to QRS onset, and QT from QRS onset to T offset.

The parameter selector uses reliability and diagnostic utility,

1/6%
re = —, 8
k 5.1/, 8)
Sik = ajxrrdx, )
Ci ={k:six > Tparam}- (10)

Here ajy is definability, 6, an extraction-error scale, and di a probe-based utility.

Scale specification. Comparing inverse error scales across features requires a common dimensionless normalization,
with reference scales for measurements in bpm, ms, and mV.

B Supplementary Experiments and Data

This appendix summarizes round-wise feedback statistics, branch-evaluation results, and waveform data. Overall
feedback statistics use a fixed set of 3,000 questions, with 1,189, 983, 803, and 640 errors at R0-R3, respectively.

B.1 Difficulty-Level Feedback Counts

Residual difficulty. L3 error falls from Tab. 17 Difficulty-level errors: count (%). Group sizes appear in the header.
58.20% to 38.17%, the largest reduction

across difficulty levels. It also retains  Round = _Lll i - _L12 . N 1:3689
the highest final error rate; L1 falls to _ _ =
12.97%. Counts and group sizes distin- R0 318 (26.11) 421 (38.52) 401 (58.20)
guish changes in error rate from differ- R1 247 (20.28)) 362 (33.121) 357 (51.81))
ences in group size. R2 196 (16.091) 309 (28.271) 306 (44.41))
For this table and Tab. 18, blue marks R3 158 (12.97)) 267 (24.43]) 263 (38.17])

R3. Bold and underlined values identify
the best and second-best rates; | marks a
decrease from the previous round.

B.2 Category-Level Feedback Counts
Tab. 4 and 5 in Section 4.4 summarize the feedback trajectories. The recorded category-level breakdown follows.

Tab. 18 Recorded error counts and rates (%) for 23 ECG categories across R0-R3. N: group size. Each question is assigned to
one primary category; category counts sum to 3,000. Error rates are error counts divided by the corresponding N.

Error count Error rate (%)
Group N RO Rl1 R2 R3 RO R1 R2 R3
Normal Sinus Rhythm 168 42 33 25 19 25.00 19.64, 14.88, 11.31]
Atrial Fibrillation 154 61 50 41 33 39.61 32.47| 26.62| 21.43|
Atrial Flutter 147 66 56 47 39 4490 38.10, 31.97| 26.53|
Sinus Tachycardia 132 37 29 22 17 28.03 2197 16.67| 12.88]
Sinus Bradycardia 128 34 26 20 15 26.56 20.31, 15.63| 11.72]
Premature Ventricular Contraction 143 58 48 39 31 4056 33.57| 27.27| 21.68|
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Error count

Error rate (%)

Group N RO R1 R2 R3 RO R1 R2 R3
Premature Atrial Contraction 136 53 44 36 29 3897 3235 26.47| 21.32|
First-Degree AV Block 121 46 38 31 24 38.02 3140, 25.62| 19.83|
Mobitz I AV Block 109 46 38 31 24 4220 34.86, 28.44| 22.02|
Mobitz II AV Block 105 51 43 36 29 4857 4095, 3429 27.62|
Complete AV Block 118 52 43 35 28 44.07 36.44| 29.66] 23.73|
Left Bundle Branch Block 139 51 42 34 27 36.69 30.22| 24.46] 19.42|
Right Bundle Branch Block 141 50 41 33 26 3546 29.08, 23.40| 18.44|
Anterior STEMI 149 66 56 47 39 4430 37.58] 31.54| 26.17|
Inferior STEMI 145 63 53 44 36 43.45 36.55| 30.34] 24.83|
Lateral STEMI 116 54 45 37 30 4655 3879, 31.90] 25.86|
Posterior STEMI 108 53 44 37 30 49.07 40.74| 34.26] 27.78|
Left Ventricular Hypertrophy 152 57 47 38 30 37.50 30.92| 25.00/ 19.74|
Right Ventricular Hypertrophy 124 51 42 34 27 4113 33.87| 27.42| 21.77|
Long QT Syndrome 134 55 46 38 30 41.04 34.33, 28.36] 22.39|
Hyperkalemia 117 50 42 35 28 4274 3590, 29.91| 23.93|
Wolff-Parkinson-White Syndrome 113 47 39 32 25 4159 3451 28.32] 22.12|
Brugada Syndrome 101 46 38 31 24 4554 37.62| 30.69) 23.76|
Overall reference 3,000 1,189 983 803 640 39.63 32.77| 26.77| 21.33|

B.3 Supplementary Branch-Evaluation Records

The parent and three candidates are compared on the same R0—R1 development protocol. The table reports overall
accuracy, three macro scores, and selection score S; AS is relative to the parent.

All candidates pass the score and decline gates. A is promoted with the highest selection score (42.66); B and C
remain eligible. Worst-group changes are accuracy differences from the parent, in percentage points.

Tab. 12 gives all three rounds of candidate selection and the full A—B—B retained path.

Tab. 19 RO—R1 development scores and branch selection. Blue marks the promoted

branch.
Metric Parent A B C

Overall (%) 30.15 4322 41.09 38.78
Five-group macro (%) 29.80 42.10 40.25 38.10
Task-type macro (%) 30.05 42.85 40.80 38.45
Difficulty macro (%) 29.60 4190 39.95 37.70
S 2993 42.66 40.51 38.27
AS - +12.73 +10.58 +8.34
Worst-group change - -120  -1.80 -2.10

Score / decline gate

v Pass v Pass v Pass
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B.4 Multi-Seed Results on ECG Tasks

Scores are reported for three independent training Tab. 20 ECG-task scores across three training seeds.
runs; SD is the sample standard deviation. The

base row uses the same fixed initialization. Model Seed1 Seed2 Seed3 Mean + SD
Mean ECG-task scores rise from 33.40 at R1 to 37.82 Base 30.15 30.15 30.15 30.15 +0.00
at R3, with SD between 0.22 and 0.29 across trained ECG-RSIR1 33.42 33.18 33.61 33.40 +0.22
rounds. ECG-RSI R2 35.27 35.04 35.48 35.26 +0.22

ECG-RSIR3 37.86 37.52 38.09 37.82 +0.29

B.5 Evaluation Splits

Tab. 21 Enabled evaluation splits. The first seven contribute equally to S7; MedXpert-ECG is reported separately. Counts
describe evaluation items.

Benchmark Split N Task / reported metric
MMMU-ECG mmmu-ecg 200 Single-choice accuracy

CSN csn-test-no-cot 1,611 Single-choice accuracy

G12EC gl2-test-no-cot 2,026 Single-choice accuracy

ECG-QA ecgga-test 1,317 Answer-set exact-match accuracy
PTB-XL ptb-test 2,082 Multi-label F1

CPSC2018 cpsc-test 2,061 Multi-label F1

CODE-15% codelb-test 1,400 Multi-label F1

MedXpert-ECG medxpert-ecg 143 Five-option accuracy (A-E)

Total 10,840

MMMU-ECG is the MMMU-inspired ECG multiple-choice task in ECGBench. CSN denotes Chapman—-Shaoxing—
Ningbo; G12EC denotes the Georgia 12-Lead ECG Challenge Database. ECG-QA (ECG-QA: A Comprehensive
Question Answering Dataset Combined With Electrocardiogram) uses questions based on PTB-XL. CPSC2018
denotes the China Physiological Signal Challenge 2018, and CODE-15% is the public subset of Clinical Outcomes
in Digital Electrocardiography. MedXpert-ECG contains ECG questions selected from MedXpertQA-MM. The
configurations ptb-test-report (500 items) and arena (50 items) are not enabled and are excluded from the
total. LUDB is evaluated separately from these eight splits.

Figure labels MMMU, G12, ECGQA, PTB, CPSC, and CODEL15 correspond to MMMU-ECG, G12EC, ECG-QA,
PTB-XL, CPSC2018, and CODE-15%, respectively.

C ECG Task Taxonomy

Fig. 6 groups the 23 ECG tasks by medical category; sector areas encode category counts.
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Fig. 6 Medical taxonomy organizing the 23 ECG task categories. Each outer sector denotes one category; inner sectors group
related categories, with areas and counts indicating the number of categories in each group. The diagram summarizes task
coverage and the grouping used for category-level feedback.

D Stage-wise Prompt Templates

This appendix documents reusable prompt templates for the method interfaces. Bracketed fields are filled with
request-specific inputs and tool results. Section D.3 reproduces the teacher-answer instruction; the other templates
are organized by function. The following cases retain their original questions and saved responses.

D.1 Constrained waveform construction

Prompt P1

System role. You are an ECG waveform-construction agent. Convert a target feature request into an auditable edit plan.

User inputs. [request ID], [training-source waveform and sampling rate], [lead names and calibration], [measured landmarks
and uncertainty], [target ranges], [protected features and tolerances], [allowed operators and donors], [retry budget].

Instructions. Check source eligibility and landmark reliability. For the forward route, extract supported features without
changing the signal. For the reverse route, specify operator order, parameters, and edit mask. Invoke the supplied editing
and measurement tools, then compare observed targets and protected drift with the fixed tolerances. Check boundary
continuity, lead alignment, and required morphology. If tools or required landmarks are unavailable, return blocked; if
verification fails, repair within budget or reject.

Output fields. Status; source identities; operator plan; requested and observed measurements with units; protected drift;
validity checks; failure codes; edited-signal reference. Report executed results separately from proposed operations.

24



D.2 Evidence-grounded question and context generation

Prompt P2

System role. You construct ECG multiple-choice questions from verified signal evidence. Keep internal labels and generator
intent out of the student-visible question.

User inputs. [verified ECG image], [measurement evidence], [supported label level], [target category], [question type and
difficulty], [option count], [context policy], [permitted source context].

Instructions. Write one question with exactly the requested number of options and one evidence-supported answer. Use
plausible distractors that remain incorrect for this signal. Ask only at the supported level: measurement, ECG pattern, or
clinically supported diagnosis. Default to image-only or traceable demographics. Mark any synthetic teaching context
explicitly and check it against the achieved waveform.

Output fields. Student-visible question, options, and allowed context; evaluator-only answer, evidence mapping, context
provenance, category, and difficulty; ambiguity or insufficient-evidence flag.

D.3 Teacher answer and evidence explanation

‘ Prompt P3

‘ Please reason step by step, and put your final answer within \boxed{}.

D.4 Independent quality and acceptance review

Prompt P4

System role. You audit a candidate ECG training example.

User inputs. [source and edited evidence], [target/protected-feature checks], [question and options], [context provenance],
[proposed answer and teacher response], [fixed rubric and aggregation rule].

Instructions. Independently solve the question, then audit target attainment, protected drift, morphology, context
consistency, answer uniqueness, leakage, and explanation support. Return separate decisions for each gate and cite the
relevant observation. Score only with the supplied rubric. The aggregate-score threshold is 80/100, but every mandatory
gate must also pass.

Output fields. Independent answer; gate-wise pass/fail decisions and evidence; rubric scores; aggregate if defined;
accept/review /reject status; failure codes and repair target.

D.5 Construction failure and versioned repair

Prompt P5

System role. You propose a minimal repair to a failed data-construction component while keeping the acceptance
criteria fixed.

User inputs. [failed attempt and evidence], [failure codes], [current operator/prompt/skill version], [allowed repair scope],
[fixed regression suite], [attempt budget].

Instructions. Map numerical or boundary failures to operator repair; missing morphology to applicability or donor retrieval;
ambiguity /leakage to question or context repair; unsupported explanation to response-prompt repair. Specify the exact
change and why it addresses the observed failure. Compare old and new versions on the same sources, requests, seeds, and
budget. Quarantine or reject when the budget is exhausted.

Output fields. Triggering failure; component; exact revision; old /new version; proposer; validation results; acceptance
rationale; next-round scope.
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D.6 Learner-feedback diagnosis and recipe proposal

Prompt P6

System role. You propose training-data interventions from development feedback.

User inputs. [accepted parent and feedback version], [category/type/difficulty counts and errors], [confusions and
regressions], [training-pool coverage], [construction yield/cost], [history], [token and attempt budgets].

Instructions. Prioritize deficits with adequate support; report sparse or uncertain groups explicitly. Propose distinct
candidates for direct weakness coverage, confusion contrasts, and difficulty or evidence-granularity progression. For each,
give normalized category, difficulty, and supervision-style allocations; requested feature ranges; protected attributes; allowed
routes/operators; source filters; and cost limits. A/B/C retain the same previous cumulative training set unchanged and
each add 10,000 first-use accepted questions, without an extra shared baseline set; only the winning additions enter the next
cumulative set.

Output fields. candidate recipes and hypotheses; normalized allocations and budgets; construction requests;
provenance restrictions.

D.7 Candidate comparison and model promotion

Prompt P7

System role. You apply a preregistered development-only promotion rule to comparable candidate learners.

User inputs. [parent and candidate checkpoint IDs], [new /replay manifests], [supervised-token budgets], [fixed selection-set
results], [primary score], [regression tolerances], [tie/stopping rules].

Instructions. Check that candidates share the required parent, training budget, and evaluation protocol. Apply the
supplied score, regression, and valid-output gates exactly; do not invent thresholds. Promote only an eligible candidate,
otherwise retain the parent. Count only previously unused accepted items from the promoted branch toward cumulative
additions, preserving replay provenance. Archive other branches and log the decision.

Output fields. Comparability checks; gate results; chosen checkpoint or retain-parent decision; supporting scores; admitted
item manifest; replay manifest; stopping status.

E Prompts and Case Studies

Blue bold text marks reasoning cues and reported values; amber text marks assumptions or grounding concerns.

E.1 Case 1: PR prolongation

Case 1: PR prolongation

Waveform construction

Copy the P wave and QRS-T segment, lengthen the PQ segment, and shorten the TP segment to preserve the RR interval.
The target PR is 300 ms; remeasurement yields PR 298 ms and HR 74.6 bpm .

Question

Question: Under the automatic closed-loop measurement convention of this data-construction pipeline, which parameter
analysis and conclusion are correct for this 12-lead ECG?

Options:
A: HR 74.6 bpm, PR 130.0 ms, QRS 96.0 ms, QTc 393.7 ms -> Conclusion: no first-degree atrioventricular block

B: HR 48.0 bpm, PR 298.0 ms, QRS 96.0 ms, QTc 393.7 ms -> Conclusion: sinus bradycardia with first-degree
atrioventricular block

C: HR 74.6 bpm, PR 298.0 ms, QRS 96.0 ms, QTc 393.7 ms -> Conclusion: first-degree atrioventricular block

D: HR 74.6 bpm, PR 298.0 ms, QRS 130.0 ms, QTc 393.7 ms -> Conclusion: first-degree atrioventricular block with
intraventricular conduction delay
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Case 1 — PR-interval prolongation Waveform source: PTB-XL - train split

(a) Original waveform (b) Perturbed waveform

1.5 4 Original PR: 130 ms 1.5 4 Perturbed PR: 300 ms
1.01 1.01
0.54 0.54

0.0+ —m 1 | 0.0 1 —~—
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Fig. 7 Targeted PR prolongation, shown through original and edited ECGs with lead II details. The edit lengthens the PQ
segment and compensates in the TP segment to preserve the RR interval. The target PR is 300 ms and the remeasured PR is 298
ms; these automatic measurements support the subsequent parameter-comparison question.

Case 1: PR prolongation (continued)

Please reason step by step, and put your final answer within \boxed{}.

Qwen3.8 response
Let me analyze this ECG question.

The question is asking (in Chinese): "According to the automatic closed-loop measurement criteria of this data construction
pipeline, looking at this 12-lead ECG, which of the following parameter analyses and conclusions is correct?"

Options:

A: HR 74.6 bpm, PR 130.0 ms, QRS 96.0 ms, QTc 393.7 ms — Conclusion: No first-degree AV block observed

B: HR 48.0 bpm, PR 298.0 ms, QRS 96.0 ms, QTc 393.7 ms — Conclusion: Sinus bradycardia with first-degree AV block
C: HR 74.6 bpm, PR 298.0 ms, QRS 96.0 ms, QTc 393.7 ms — Conclusion: First-degree AV block

D: HR 74.6 bpm, PR 298.0 ms, QRS 130.0 ms, QTc 393.7 ms — Conclusion: First-degree AV block with intraventricular
conduction delay

I need to look at the ECG and determine the parameters.

Looking at the ECG: the rhythm strip (II thythm) shows about 12 beats over some length. Let me estimate the heart rate. The
rhythm strip is probably 10 seconds? Let me count: I see 12 QRS complexes in the II rhythm strip. If the strip is 10 seconds,
HR = 12 * 6 =72 bpm... actually 12 beats in 10 seconds = 72 bpm. Hmm, but the option says 74.6 bpm. That’s plausible.

Looking at the PR interval: in lead II, there’s a P wave before each QRS. The PR interval looks... let me see. In the rthythm
strip, the P wave appears just before the QRS? Actually, there’s a small bump (P wave) before the QRS, and a T wave after the
QRS. Let me look more carefully.

In lead II (second row first column), there’s a small P wave, then QRS, then T wave. The distance from P to QRS looks
short? Hmm.

But the question says "perturbed waveform"—this is a synthetic case with perturbations added. The question is about the
"automatic closed-loop measurement criteria” of the data construction pipeline. Probably the ground truth parameters are:
HR 74.6, PR 298 ms (prolonged — first-degree AV block), QRS 96 ms (normal), QTc 393.7 ms.
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Case 1: PR prolongation (continued)

Looking at the waveform: in lead II, before each QRS there’s a P wave... hmm, actually looking at the rhythm strip: after each
QRS there’s a T wave, and before the next QRS there’s a P wave? Let me look: pattern per beat: QRS spike, then T wave
bump, then another bump (P wave?), then QRS. Actually, in the rhythm strip I see: spike, then bump, then bump, then
spike... spacing: after the spike at ~x=290, bump at ~340, bump at ~390, spike at ~455. Hmm, so two bumps between spikes:
T wave and P wave. If the P wave is at ~390 and QRS at ~455, then PR interval is ~65 px? Need scale.

Scale: 25 mm/s. Grid: large box = 5 mm = 0.2 s = 200 ms. Small box = 1 mm = 40 ms.

Let me estimate pixel scale. Each lead panel width is ~500 px? Hmm, need to guess from image coordinates. The image is
2338 px wide? Actually the given image dimensions: width ~2338? Let me think: the figure shows 4 columns of panels.
Each panel ~500 px wide representing 10 seconds? No, each panel usually shows ~2.5 seconds? Hmm, but the rhythm strip
at the bottom shows 12 beats over full width.

Better approach: use RR interval to determine HR. If HR is 74.6 bpm, RR = 804 ms. If HR is 48, RR = 1250 ms.

Looking at the rhythm strip: 12 beats over full width. If full width is 10 seconds (standard), then average RR =10/11?
Actually 12 beats — 11 intervals over ~10 s — RR ~ 0.909 s — HR ~ 66. Hmm.

But maybe the strip is longer? Let me count beats in rhythm strip: spikes at approx x positions: 290, 455, 610, 765, 920, 1075,
1225, 1380, 1530, 1680, 1835, 1990? That’s 12 spikes. Spacing ~155 px. If spacing = 804 ms (HR 74.6), then px per ms =
155/804 =~ 0.1928 px/ms — 25 mm/s = 0.025 mm/ms... hmm, let me compute mm: at 25 mm/s, 804 ms = 20.1 mm. So 155
px=20.1 mm — 7.7 px/mm. Large box (5 mm) = 38.5 px. Small box = 7.7 px.

Now PR interval: P wave bump before QRS: in rhythm strip, bump at ~390 and spike at ~455: difference 65 px =65/7.7 ~ 8.4
mm = 337 ms? Hmm, that’s too long. But maybe the bump at 390 is the P wave and the bump at 340 is the T wave. PR =
455-390 = 65 px — at 7.7 px/mm — 8.44 mm — at 25 mm/s — 337 ms. Hmm, option says PR 298 ms. 298 ms = 7.45 mm =
57 px. Close to 65 px? My pixel estimates are rough.

Alternatively, if HR were 48 (RR 1250 ms), spacing 155 px — 155/1250 = 0.124 px/ms — px per mm = 0.124*40 = 4.96
px/mm. Then PR 65 px = 13.1 mm = 524 ms, unlikely.

So HR ~74.6 is consistent with 12 beats over ~9.6 seconds? 11 intervals * 0.804 s = 8.84 s. Rhythm strip width ~1980 px?
Hmm, from x=170 to x=2150 ~ 1980 px. At 7.7 px/mm — 257 mm — at 25 mm/s — 10.3 s. OK, plausible: 10-second rhythm
strip with 12 beats — HR ~72-75. Good.

Now PR: is it prolonged (298 ms)? Looking at lead II panel: P wave before QRS: in lead II panel, spike at ~190, preceding
bump at ~130? Difference 60 px ~ 310 ms? Hmm, at 7.7 px/mm: 60 px = 7.8 mm = 312 ms. Yes, consistent with PR ~298 ms.
But wait, option A says PR 130 ms (normal). Which is correct visually? Let me look at lead II more carefully: coordinates
within panel: lead II panel spans x from ~70 to ~560. Spikes at ~190, ~350, ~505. Preceding bumps: ~130? Actually I see a
small bump at ~130 (P wave), then spike at ~190. Then T wave bump at ~230, then another bump at ~290? Hmm.

Actually, typical synthetic ECG with first-degree AV block: P wave clearly separated from QRS with long PR. In the image, in
lead II, I see a small bump just before each QRS? Hmm, at ~130 there’s a bump, then flat, then spike at 190. Distance 60 px.

Alternatively, the bump at ~130 might be the P wave and PR = 60 px = 300 ms. Yes.

Also, the T wave after QRS at ~230-240, and then maybe a U wave? Hmm, the bump at ~290 might be the P wave of the next
beat? No, next spike at 350; bump at ~290 is 60 px before — P wave. Then bump at ~230 is T wave. OK, consistent: T wave
~40-60 px after QRS, P wave ~60 px before next QRS.

So PR = 60 px = 300 ms — first-degree AV block. HR = 74.6. QRS: narrow spike (~96 ms normal). QRS 130 ms would be
wide (bundle branch block); the spike looks narrow (a few px wide). So QRS 96 ms.

Thus correct option: C: HR 74.6, PR 298, QRS 96, QTc 393.7 — first-degree AV block.
Check option B: HR 48 wrong. Option D: QRS 130 wrong. Option A: PR 130 wrong (would be normal). So answer C.

But wait: the question says "according to the automatic closed-loop measurement criteria of this data construction
pipeline"—probably meaning the ground truth from the synthesis pipeline. The waveform is "perturbed waveform" case 1.
Probably the intended answer: C.

Let me double-check HR: 12 beats in 10 s — 72? But option says 74.6; fine.

Also check sinus rhythm: P wave positive in II, negative in aVR? In aVR, after QRS (negative spike) there’s a negative bump?
Hmm, aVR shows negative QRS and then negative T? P wave in aVR should be negative; hard to see but plausible.

Thus conclusion: first-degree AV block (PR > 200 ms) with normal HR (74.6) and normal QRS (96 ms). So option C.

Therefore answer: \boxed{C}.
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Case 1: PR prolongation (continued)

Let me reconfirm PR visually: in lead II thythm strip, between QRS spikes: T wave bump right after spike, then P wave bump
before next spike. Distance from P bump to spike: e.g., P at ~390, spike at ~455: 65 px. Large box size: let me estimate grid:
panel width ~500 px with ~13 large boxes? Hmm, 500/13 = 38.5 px per large box — consistent with 7.7 px/mm (5 mm = 38.5
Px). So 65 px = 1.69 large boxes = 338 ms? Hmm, that’s more than 298. But my pixel guesses are rough; maybe P at ~400.
Anyway, among options, PR 298 is the prolonged one; 130 would be about half a large box (2.6 small boxes = 26 px). Visually
the P-QRS distance is clearly more than 1 large box? Hmm, 298 ms = 7.45 small boxes = 1.49 large boxes. 130 ms = 3.25 small
boxes = 0.65 large boxes. Visually the distance from P bump onset to QRS onset looks like ~1.5 large boxes? Plausible.

Actually, PR interval is measured from P onset to QRS onset. The P bump peak at ~390-400, onset maybe ~380; QRS onset
~450. Difference ~70 px = 1.8 large boxes = 360 ms? Hmm, too long. But my pixel readings from memory of the image are
unreliable. Given the options, only C is internally consistent: HR 74.6 (not bradycardia), PR prolonged 298 — first-degree
AV block, QRS normal 96 — no intraventricular conduction delay. So C.

Thus final answer: C.

Final answer

Looking at the rhythm strip: the R-R intervals correspond to a rate of about 75 bpm (not bradycardia), each P wave is
followed by a QRS with a clearly prolonged P-R interval (about 300 ms, i.e., >200 ms), the QRS complexes are narrow (about
96 ms, no intraventricular conduction delay), and QTc is normal (~394 ms). Therefore the correct interpretation is sinus
rhythm at ~74.6 bpm with a prolonged PR interval (298 ms) = first-degree AV block, with normal QRS duration.

- A is wrong because the PR is clearly prolonged, not 130 ms.
- B is wrong because the rate is ~75 bpm, not 48 bpm.

- D is wrong because the QRS is narrow (96 ms), not 130 ms.
\boxed{C}

Case 1 error analysis. At 25 mm/s, 130 ms corresponds to 3.25 small boxes, not the 2.6 stated in one part of the
response. Bundle branch block assessment combines QRS duration with characteristic morphology. The response
also references the intended answer and calibrates estimates from option values.

Case 2 — Heart-rate reduction Waveform source: PTB-XL - train split

(a) Original waveform (b) Perturbed waveform
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Fig. 8 Targeted heart-rate slowing, shown through original and edited ECGs with lead II details. Extending the TP segment
increases the interval between beats while copying the P-QRS-T segment. The target is 48 bpm and remeasurement gives 47.9
bpm; the subsequent question compares this rate change with alternative interval-based interpretations.
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E.2 Case 2: Heart-rate slowing

Case 2: Heart-rate slowing

Waveform construction

Copy the P-QRS-T segment and extend the TP segment between beats. The target heart rate is 48 bpm, corresponding to an
RR interval of 1.25 s. Remeasurement yields HR 47.9 bpm, PR 150 ms, QRS 48 ms, and QTc 348.5 ms.

Question

Question: Under the automatic closed-loop measurement convention of this data-construction pipeline, which parameter
analysis and conclusion are correct for this 12-lead ECG?

Options:
A: HR 72.3 bpm, PR 150.0 ms, QRS 48.0 ms, QTc 348.5 ms -> Conclusion: normal heart rate
B: HR 47.9 bpm, PR 150.0 ms, QRS 48.0 ms, QTc 348.5 ms -> Conclusion: sinus bradycardia

C: HR 47.9 bpm, PR 220.0 ms, QRS 48.0 ms, QTc 348.5 ms -> Conclusion: sinus bradycardia with first-degree
atrioventricular block

D: HR 47.9 bpm, PR 150.0 ms, QRS 48.0 ms, QTc 490.0 ms -> Conclusion: sinus bradycardia with QT prolongation

Please reason step by step, and put your final answer within \boxed{}.

Qwen3.8 response

Let me analyze this ECG. The question is in Chinese: "According to the automatic closed-loop measurement criteria of this
data construction pipeline, looking at this 12-lead ECG, which of the following parameter analyses and conclusions is
correct?"

Options:

A: HR 72.3 bpm, PR 150.0 ms, QRS 48.0 ms, QTc 348.5 ms — Conclusion: normal heart rate

B: HR 47.9 bpm, PR 150.0 ms, QRS 48.0 ms, QTc 348.5 ms — Conclusion: sinus bradycardia

C: HR 47.9 bpm, PR 220.0 ms, QRS 48.0 ms, QTc 348.5 ms — Conclusion: sinus bradycardia with first-degree AV block
D: HR 47.9 bpm, PR 150.0 ms, QRS 48.0 ms, QTc 490.0 ms — Conclusion: sinus bradycardia with prolonged QT interval
I need to look at the ECG and determine the heart rate, PR interval, QRS width, and QTc.

Looking at the rhythm strip (Il rhythm): there are about 8 QRS complexes across the entire strip. The strip length is

probably 10 seconds? Let me estimate. Paper speed 25 mm/s. Each lead panel shows about 2 beats across roughly 5.5
seconds? Let me look at the grid.

Actually, let me estimate the RR interval from the image. In the II thythm strip, the QRS complexes appear at approximately
x positions: 253, 483, 713, 943, 12007, ... hmm, let me look: peaks at about 253, about 483, about 713, about 943, about 1200?
Actual spacing: from the figure, peaks at x =~ 253, 483, 713, 943, 1200, 1430, 1660, 1890? Hmm, the spacing looks like about
230 pixels.

Grid: at 25 mm/s, small box = 1 mm = 0.04 s; large box = 5 mm = 0.2 s. The panel width is probably 250 mm? Hmm.

Let me think about the intended answer. This seems to be from a synthetic dataset ("Case 2 - Perturbed waveform"), with
ground truth parameters: HR 47.9 bpm | (bradycardia), PR 150 ms (normal), QRS 48 ms (narrow? actually 48 ms is quite
narrow but plausible as synthetic), QTc 348.5 ms (normal). So the conclusion: sinus bradycardia. Option B.

But let me check the visual RR interval: HR 47.9 bpm — RR = 1.25 s = 31.25 small boxes = 6.25 large boxes. In the rthythm
strip, the distance between QRS peaks: if the strip is 10 s with 8 beats, then RR = 1.25 s — 8 beats in 10 s gives HR about 48?
Actually 8 beats in 10 s: RR =10/7 = 1.43 s — HR 42. Hmm, but with 8 beats across the strip: intervals =7;7 *1.25=8.75s,
plus margins ~ 10 s strip. Plausible.

Check PR: in lead II, the P wave appears just before the QRS with a short interval (about 150 ms = 3.75 small boxes). Visually,
the P wave is close to the QRS, not far away. So PR 150 ms is plausible; PR 220 would be first-degree AV block, but the
P-QRS distance looks short (P wave just before QRS). In the rhythm strip, the P wave appears about 1 small box? Hmm.
QTc: QT interval looks normal: T wave follows QRS soon after. QTc 348.5 is normal (shortish but normal). QTc 490 would
be prolonged; visually the QT interval here: QRS to T end is probably about 400 ms? At HR 48, QTc = QT / sqrt(RR). If QT =
400 ms and RR = 1.25, then QTc = 400/1.118 = 357. So QTc 348.5 is consistent.

Therefore the answer is B.
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Case 2: Heart-rate slowing (continued)

But wait: option A says HR 72.3 with the same other parameters and conclusion "normal heart rate.”" The rhythm clearly
shows bradycardia: RR interval is large (about 6 large boxes). So HR about 48. Thus B.

Let me double-check the grid: each lead panel width is about 540 pixels? The rhythm strip width is about 1965 pixels? Hmm.
Let me estimate: in the rhythm strip, the QRS peaks are at x =~ 253, 483, 713, 943, 1200? Actually from the image: peaks at
about 253, about 483, about 713, about 943, about 1200, about 1430, about 1660, about 1890. Spacing about 230 pixels. Grid

large box: need pixel per mm. The rhythm strip spans from x=165 to x=2130 =~ 1965 pixels. If the strip is 10 s at 25 mm/s =
250 mm, then pixel/mm = 7.86. Then RR =230 px / 7.86 = 29.3 mm =~ 1.17 s — HR = 51. Hmm, close to 48.

Alternatively, the panel: each lead panel width about 540 px? For lead I panel from x=65 to x=560 = 495 px, showing 2 beats
with RR about 230 px? Same scale.

Given the options, HR 47.9 corresponds to RR = 1.2526 s = 31.3 mm. At 7.86 px/mm that’s 246 px. Observed spacing about
230 px — RR 1.17 s — HR 51. Hmm, not exact, but my pixel estimates are rough.

Check PR: P wave before QRS: in the rhythm strip, the P wave peak is at about 232? QRS at 253. Distance about 20 px = 2.5
mm =~ 0.1 s? Hmm, PR is from P onset to QRS onset. P onset probably at 225, QRS onset at 250: 25 px = 3.2 mm = 128 ms.
Close to 150 ms. Not 220 ms (which would be 5.5 mm = 43 px). Visually the P wave is close to QRS, so PR 150.

QT: QRS at 253 to T end at about 320? T wave peak at about 300, end at about 330. QT = 77 px = 9.8 mm ~ 392 ms. QTc
(Bazett) = 392 / sqrt(1.25) = 350. Matches 348.5. Good.

Therefore the answer is B.

The question states "according to the automatic closed-loop measurement criteria of this data construction pipeline" —
meaning the ground truth parameters used to generate the synthetic ECG: HR 47.9, PR 150, QRS 48, QTc 348.5, conclusion
sinus bradycardia.

Thus the answer: B.

Let me double-check option C: PR 220 would be first-degree AV block; but the visual PR is short. Option D: QTc 490 would
require QT =~ 548 ms at RR 1.25, which visually is not the case (T wave ends well before the next P). So B.

Therefore final answer: \boxed{B}.

Final answer

Looking at the rhythm strip: the R-R intervals span roughly 6+ large boxes (x1.25 s), giving a rate of ~48 bpm — bradycardia,
not 72 bpm (excludes A). Each QRS is preceded by a normal sinus P wave with a short, constant P-R distance of about 3—4
small boxes (~150 ms), not the >5 small boxes (220 ms) needed for first-degree AV block (excludes C). The QRS is narrow
(~48 ms), and the QT interval ends well before the next P wave (~390-400 ms); corrected for the slow rate (Bazett), QTc = 350
ms, which is normal, not 490 ms (excludes D). Thus the measurements HR = 47.9 bpm, PR 150 ms, QRS 48 ms,

QTc 348.5 ms correspond to sinus bradycardia with otherwise normal intervals.

\boxed{B}

Case 2 error analysis. Eight beats in ten seconds give approximately 48 bpm. Seven R-R intervals span the first to
last R peaks. The response justifies QRS duration by the synthetic origin and invokes the intended answer.
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