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Abstract—Electrocardiography (ECG) is ubiquitous, yet clin-
ical deployment of deep learning remains constrained by two
reliability gaps: decision-aligned uncertainty (how likely true
findings are missed) and verifiable communication, requiring AI
reports not to invent diagnoses or measurements. We propose
an ECG decision support pipeline that outputs risk-controlled
multi-label diagnosis sets and produces clinician-facing text under
deterministic verification. A ResNet-1D encoder produces per-
label probabilities over K = 23 diagnostic subclasses. Conformal
risk control (CRC) calibrates a single threshold on a held-out
calibration fold, bounding the expected missed-finding loss at
risk level α and yielding diagnosis sets rather than point deci-
sions. To improve efficiency, we introduce evidence-augmented
CRC (EA-CRC), combining model confidence with a retrieval-
derived support score from a FAISS nearest-neighbor index built
exclusively on training folds. On PTB-XL patient-wise folds, EA-
CRC (TOPK = 10, β = 0.8) maintained near-target miss-risk
and improved utility: at α = 0.10, micro-F1 increased from
0.568 (CRC) to 0.574 while mean set size decreased from 2.92
to 2.86. Risk-coverage curves supported selective deployment
(AURC=0.0952 (CRC) vs AURC=0.0968 (EA-CRC)). Clinician-
facing narratives are generated using a local instruction-tuned
LLM to rewrite deterministic base report, with a deterministic
verifier blocking out-of-set diagnoses. This framework provides
an auditable pathway toward missed-finding, risk-controlled
ECG review sets with verifier-gated reporting.

Index Terms—Electrocardiography, conformal prediction, con-
formal risk control, uncertainty quantification, retrieval-based
evidence, large language models, clinical decision support.

I. INTRODUCTION

Electrocardiography (ECG) is a ubiquitous, low-cost, and
noninvasive test that anchors clinical screening, triage, and

longitudinal monitoring for cardiovascular disease. Deep learn-
ing has demonstrated strong performance across multiple ECG
tasks, including screening for structural dysfunction from the
12-lead ECG [1], arrhythmia detection in ambulatory record-
ings [2], and large-scale 12-lead abnormality classification [3].
Despite these advances, deployment in high-stakes workflows
is limited by two practical barriers. First, clinicians need
decision-aligned uncertainty, meaning a reliable estimate of
how likely the model is to miss true findings. Second, clini-
cians need verifiable communication so that any AI-generated
report cannot invent diagnoses or measurements.

Recent representation learning and foundation-model efforts
further improve ECG feature quality and label efficiency. Con-
trastive and self-supervised pretraining strategies (e.g., CLOCS
[4] and lead-agnostic objectives [5]) learn transferable ECG
representations that reduce reliance on large labeled datasets.
More recently, open ECG foundation models such as ECG-FM
demonstrate strong generalization and label efficiency across
downstream tasks [6]. The first research gap is that even highly
capable encoders typically output probabilities or fixed label
lists, leaving open the central question for clinical decision
support: how to produce reliable, decision-aligned outputs that
explicitly control the risk of missed findings.

Uncertainty estimation and calibration methods can provide
partial answers but are not enough. Bayesian approximations
and ensembles can improve uncertainty quantification, but
they do not provide distribution-free guarantees and are com-
putationally expensive [7], [8]. Selective prediction provides
a risk–coverage trade-off by abstaining on uncertain cases



[9], but still requires a principled mechanism to translate
model outputs into guarantees that align with clinical objec-
tives. Conformal prediction offers distribution-free uncertainty
quantification under exchangeability [10], and conformal risk
control (CRC) generalizes conformal methods to control the
expected value of any bounded monotone loss, enabling guar-
antees that directly target missed-finding risk in multi-label
prediction [11]. A second research gap is how to leverage
these guarantees while improving practical utility, since naive
risk control can yield overly large prediction sets.

In parallel, there is rapid growth in ECG–text and language-
enabled ECG systems. Multimodal ECG–report representa-
tion learning aligns ECG signals with clinical text to im-
prove classification or enable text interfaces [12]–[14]. Large
language model (LLM)-based report generation has shown
promising fluency and perceived usefulness [15], and retrieval-
augmented ECG reporting systems demonstrate that nearest-
neighbor evidence can improve text generation quality [16].
However, these approaches face reliability risks: free-form
generation can hallucinate unsupported diagnoses and fabricate
measurements, and retrieval is often used heuristically rather
than embedded into a formal, auditable reliability objective.
This creates a third research gap: how to convert retrieval from
a helpful add-on into principled evidence signal that supports
reliability and safe clinical communication.

To address these gaps, we propose an evidence-aware,
risk-controlled ECG decision support pipeline that replaces
single-label decisions with risk-controlled diagnosis sets and
to improve their utility using retrieval evidence, while en-
forcing verifiable report generation. Specifically, we (i) apply
CRC to produce diagnosis sets calibrated to a target miss-
risk α under a multi-label missed-finding loss; (ii) introduce
evidence-augmented CRC (EA-CRC) that integrates model
probability with a retrieval-derived support score computed
from a similarity index (FAISS-style nearest-neighbor search
[17]) to preferentially retain evidence-supported labels and
prune low-evidence labels while preserving risk control; (iii)
propose verified reporting via a code-locked LLM rewrite
and deterministic verifier that prevents the generated report
from introducing diagnoses outside the calibrated set and from
fabricating numeric measurements.

II. METHODS

A. PTB-XL Dataset Description

We used PTB-XL, a large open-access clinical 12-lead ECG
resource comprising 21,799 10-second recordings from 18,869
patients [18]–[20]. Each ECG was annotated by up to two
cardiologists using the SCP-ECG standard, yielding 71 state-
ment codes spanning diagnostic, form, and rhythm categories.
There are totally K = 23 diagnostic subclasses, including
NORM (normal ECG), AMI (anterior/anteroseptal/anterolateral
myocardial infarction or injury patterns), IMI (inferior/in-
ferolateral/inferoposterior myocardial infarction or injury pat-
terns), LMI (lateral myocardial infarction), PMI (posterior my-
ocardial infarction), STTC (ST/T change statements, including

T-wave abnormalities, long QT interval, digitalis/electrolyte-
related patterns, and ventricular aneurysm-compatible ST/T
changes), NST (non-specific ST changes), ISC (non-specific
ischemic ST–T changes), ISCA (ischemic ST–T changes in
anterior/lateral leads), ISCI (ischemic ST–T changes in inferi-
or/inferolateral leads), LVH (left ventricular hypertrophy), RVH
(right ventricular hypertrophy), SEHYP (septal hypertrophy),
LAO/LAE (left atrial overload/enlargement), RAO/RAE (right
atrial overload/enlargement), LAFB/LPFB (left anterior or
posterior fascicular block), IRBBB (incomplete right bun-
dle branch block), CRBBB (complete right bundle branch
block), CLBBB (complete left bundle branch block), ILBBB
(incomplete left bundle branch block), IVCD (non-specific
intraventricular conduction disturbance), AVB (atrioventricular
block, including first-, second-, and third-degree), and WPW
(Wolff–Parkinson–White pattern).

The present study focuses on the 23 PTB-XL diagnostic
subclasses and does not attempt to cover the full space of
clinically actionable ECG interpretation, including detailed
rhythm adjudication, interval measurements, axis measure-
ments, waveform morphology descriptors, device-specific ar-
tifacts, or downstream management recommendations. Thus,
the output set C(x) should be interpreted as a calibrated
review list over the available PTB-XL diagnostic taxonomy.
This distinction is important because missing different find-
ings may carry different clinical consequences. For example,
missed acute ischemic patterns, conduction disease, or pre-
excitation may not have the same clinical tolerance as lower-
acuity nonspecific ST–T abnormalities. We therefore view the
global miss-risk target α as a first-order safety objective, with
diagnosis-specific or workflow-specific risk targets left for
future clinical deployment studies.

B. Overview and Study Design

Fig. 1 summarizes the end-to-end pipeline and the evalu-
ation protocol. Our method integrates three coupled compo-
nents: (i) risk-controlled multi-label set prediction via con-
formal risk control (CRC), which targets a decision-aligned
missed-finding loss [11]; (ii) evidence-augmented risk control
(EA-CRC), which incorporates retrieval evidence by combin-
ing model probabilities with a nearest-neighbor support score
within the same CRC framework; and (iii) verified reporting,
in which an LLM is restricted to code-locked rewriting and
is gated by a deterministic verifier. We followed the PTB-XL
patient-wise folds with a strict separation of roles: folds 1–7
were used to train the encoder, fold 8 was used to select the
epoch budget, fold 9 was reserved exclusively for CRC/EA-
CRC calibration, and fold 10 was held out for final evaluation.
The retrieval index and evidence summaries were constructed
using folds 1–8 only, ensuring that calibration and test data
did not influence evidence construction or model selection.

C. Problem Formulation

Let x ∈ RL×T denote a 12-lead ECG waveform with
L = 12 leads and T samples, and let y ∈ {0, 1}K denote the
associated multi-label target over K diagnostic subclasses. A
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Fig. 1. Overview of the proposed framework and protocol.

trained encoder with parameters θ outputs logits zθ(x) ∈ RK

and per-label probabilities pθ(x) = σ(zθ(x)) ∈ [0, 1]K , where
σ(·) is the element-wise sigmoid. Next, we output a diagnosis
set C(x) ⊆ {1, 2, . . . ,K}, interpreted as the list of diagnoses
that warrant clinical review. To quantify missed findings in
the multi-label setting, we define a normalized missed-finding
loss as the fraction of true labels omitted from C(x):

ℓmiss(C, y) =

1− |C ∩ Y +|
|Y +|

if |Y +| > 0

0 if |Y +| = 0

(1)

where Y + = {k ∈ {1, . . . ,K} : yk = 1} is the set of ground-
truth positive labels. By construction, ℓmiss(C, y) ∈ [0, 1] and
is monotone in C: if C ⊆ C ′, then ℓmiss(C

′, y) ≤ ℓmiss(C, y).
Our reliability objective is to control the expected miss-risk
R(C) = E

[
ℓmiss(C(X), Y )

]
≤ α, for a user-specified target

level α ∈ (0, 1).

D. Preprocessing and Signal Quality

[I, II, III, aVR, aVL, aVF,V1,V2,V3,V4,V5,V6] is used
as 12-lead ECG ordering, and we extract a single 10 s segment
per record. We use the PTB-XL 100 Hz release so each lead
contains T = 1000 samples. Let µℓ and σℓ denote the mean
and standard deviation of lead ℓ estimated on training folds
only. We apply per-lead z-score normalization to obtain the
model input x̃. PTB-XL provides structured signal-quality
annotations including baseline drift static noise burst noise and
electrode problems as well as event indicators including extra
beats and pacemaker [19]. We summarize these annotations

into a binary quality flag used only for selective deployment
analysis. Let am(x) denote the mth quality field and M the
number of quality fields then q(x) =

∑M
m=1 I(am(x) ̸= ∅).

E. Credibility score for risk–coverage ordering

For selective deployment we sort test examples by a scalar
credibility score computed from the predicted diagnosis set
size, retrieval evidence, and a binary signal-quality flag. Let
C(x) denote the predicted diagnosis set and let sk(x) denote
the retrieval support score for label k. We define the minimum
in-set support as follows:

smin(x) =

{
mink∈C(x) sk(x) |C(x)| > 0

0 |C(x)| = 0
(2)

and define a binary quality flag from PTB-XL annotations
g(x) = I(q(x) ≥ 1). We then compute credibility as:

cred(x) =
smin(x)

1 + |C(x)|
− g(x) (3)

Higher cred(x) indicates a smaller set with stronger evidence
and no quality flag. Risk–coverage curves are obtained by
accepting examples in decreasing order of cred(x) and com-
puting selective miss-risk on the accepted subset.

F. Encoder and Training

We use a ResNet-1D encoder [21] that maps the normalized
ECG x̃ to an embedding hθ(x̃) ∈ Rd with d = 512. A linear
classification head produces logits zθ(x̃) ∈ RK and proba-
bilities pθ(x̃) = σ(zθ(x̃)), where σ(·) is the element-wise
sigmoid. We train using weighted multi-label cross entropy:

L(θ) = 1

n

n∑
i=1

K∑
k=1

wk BCE(yik, pθk(x̃i)) (4)

BCE(y, p) = −y log p− (1− y) log (1− p) (5)

Model selection is performed on fold 8 and the final encoder
is retrained on folds 1–8 using the selected epoch budget.

G. Risk-Controlled Set Prediction via CRC

Given per-label probabilities pθ(x̃), we output a diagnosis
set by thresholding with a single global parameter t:

Ct(x) = {k | pθk(x̃) ≥ t} (6)

Larger t produces smaller sets and typically increases the
missed-finding loss defined in Sec. II-C. We calibrate t on the
held-out calibration fold using conformal risk control [11]. Let
{(xi, yi)}ncal

i=1 denote the calibration examples. The empirical
miss-risk at threshold t is:

R̂cal(t) =
1

ncal

ncal∑
i=1

ℓmiss(Ct(xi), yi) (7)

Since ℓmiss ∈ [0, 1], we set the loss upper bound B = 1 and
choose the largest threshold t⋆ that satisfies the CRC finite-
sample inequality:

ncal

ncal + 1
R̂cal(t

⋆) +
B

ncal + 1
≤ α (8)



This choice yields the smallest diagnosis sets among all
thresholds that are certified to meet the target expected miss-
risk level. We compute t⋆ by monotone bisection because
R̂cal(t) is nondecreasing in t.

H. Evidence and Support Retrieval

1) Nearest-neighbor search: To obtain an evidence signal
for each query ECG, we perform nearest-neighbor retrieval
in the encoder embedding space. Let hθ(x̃) ∈ Rd denote the
penultimate-layer embedding produced by the trained encoder.
We convert this embedding into a unit-norm vector: e(x) =

hθ(x̃)
∥hθ(x̃)∥2

, where ∥·∥2 denotes the Euclidean norm.
We build a FAISS index over {e(xj)} from folds 1–8 only

and retrieve the top KNN nearest neighbors [17]. Since all
embeddings are ℓ2 normalized, similarity between a query x
and a retrieved neighbor xj is computed by cosine similarity
simj = e(x)⊤e(xj), where simj ∈ [−1, 1]. We evaluate
KNN ∈ {1, 3, 5, 10} and use the retrieved neighbor labels and
similarities to compute per-label evidence support.

2) Per-label support score: Given a query ECG x, let N (x)
denote the set of retrieved neighbors with |N (x)| = KNN. For
each neighbor xj ∈ N (x) we denote its cosine similarity to
the query by simj and its multi-label target by yj ∈ {0, 1}K
with component yjk for label k. We define two complementary
evidence signals for label k. First, the count-based support is
the fraction of retrieved neighbors that contain label k:

scntk (x) =
1

KNN

∑
j∈N (x)

I(yjk = 1) (9)

Second, the similarity support upweights closer neighbors:

ssimk (x) =
1

KNN

∑
j∈N (x)

simj I(yjk = 1) (10)

We combine these into a single bounded evidence score:

sk(x) =
1

2

(
scntk (x) + ssimk (x)

)
(11)

which increases when label k appears frequently among neigh-
bors and when those neighbors are highly similar to the query.

I. Evidence-Augmented CRC (EA-CRC)

EA-CRC refines risk-controlled diagnosis sets by combining
two complementary signals for each label k: pθk(x̃) and sk(x)
from Sec. II-H. We define a per-label score that penalizes low
confidence and low evidence:

scorek(x) = (1− pθk(x̃)) + β (1− sk(x)) (12)

where β ≥ 0 controls the strength of the evidence term.
Smaller scores correspond to labels that are both more prob-
able under the encoder and better supported by retrieved
neighbors. Given a threshold t, EA-CRC outputs the score-
thresholded diagnosis set CEA

tβ (x) = {k | scorek(x) ≤ t}.
For fixed β, increasing t can only add labels to the set and

therefore cannot increase the missed-finding loss, implying

a monotone risk–size trade-off. For each candidate β, we
compute the empirical miss-risk on the calibration fold:

R̂cal(t, β) =
1

ncal

ncal∑
i=1

ℓmiss

(
CEA

tβ (xi), yi
)

(13)

and select the smallest threshold t⋆β that satisfies the CRC
inequality at target level α. We then choose β⋆ by grid search
over a fixed candidate set, selecting the value that yields the
smallest calibration-set mean set size among all risk-feasible
pairs

(
β, t⋆β

)
. Final performance is reported once on the held-

out test fold using β⋆ and t⋆β⋆

J. Verified Report Generation (Verifier-Gated LLM Rewrite)

To produce clinician-facing text while preventing unsup-
ported clinical claims, we use a verifier-gated code-locked
rewrite procedure [22]. For each ECG x, the calibrated diagno-
sis set C(x) is treated as the sole source of diagnostic content.
We first generate a deterministic base report that enumerates
only the diagnostic codes in C(x) and intentionally contains
no numeric measurements.

A local instruction-tuned LLM (Phi-3-mini-4k-instruct [23])
rewrites the base report into fluent clinical prose under an
explicit constraint prompt that (i) forbids introducing any
diagnostic codes beyond the calibrated set, (ii) disallows
numeric measurements or interval values, and (iii) keep the
output concise (at most eight lines), ensuring that the model
functions purely as a constrained surface-realization module.
We use deterministic decoding (sampling disabled) with a mild
repetition penalty (1.05) to ensure reproducibility. In addition,
to enforce this constraint, we apply a deterministic verifier
to the rewritten output. The verifier checks two conditions:
code fidelity and measurement safety. Code fidelity requires
that every diagnosis mentioned in the rewritten report belongs
to C(x) and that no additional codes are introduced. Measure-
ment safety blocks measurement-like text patterns to prevent
fabricated quantitative statements. If either condition fails, the
output is rejected and a single repair attempt is made using a
stricter rewrite prompt. If the second attempt fails, the system
falls back to the deterministic base report.

K. Evaluation and Statistical Analysis

We evaluate on the held-out PTB-XL test fold 10. Primary
set-prediction outcomes are the achieved miss-risk R̂te =
1

nte

∑nte

i=1 ℓmiss(C(xi), yi) and the average diagnosis-set size
Ŝte = 1

nte

∑nte

i=1 |C(xi)|, where nte is the number of test
examples. For utility we also report micro-averaged precision
recall and F1 computed by aggregating true positives false pos-
itives and false negatives across all labels and all test examples.
Specifically let TP =

∑nte

i=1

∑K
k=1 I(k ∈ C(xi)) I(yik = 1),

FP =
∑nte

i=1

∑K
k=1 I(k ∈ C(xi)) I(yik = 0), and FN =∑nte

i=1

∑K
k=1 I(k /∈ C(xi)) I(yik = 1). Then Precµ = TP

TP+FP ,
Recµ = TP

TP+FN , and F1µ =
2Precµ Recµ
Precµ+Recµ

.



III. RESULTS

A. Point-Prediction Encoder-Based Classification Baseline

We first evaluated the ResNet-1D encoder to show whether
it produced a strong probabilistic foundation before introduc-
ing risk-controlled set prediction. Metrics (Prec, Rec, Spec,
and F1) were evaluated after selecting a per-subclass proba-
bility threshold that maximized F1 on fold 9. The tuned thresh-
olds were then applied once to the test fold 10. The one-vs-rest
ROC curves in Fig. 2 showed consistently strong separability
for most diagnostic subclasses. Table I summarized tuned
operating-point behavior across all K = 23 subclasses. Several
rare subclasses exhibited unstable operating-point metrics due
to extremely limited support.
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(b) ROC curves (labels 2/2)

CRBBB (AUC=0.998)
NST (AUC=0.860)
LAO/LAE (AUC=0.819)
ISCI (AUC=0.927)
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SEHYP (AUC=0.993)

Fig. 2. One-vs-rest ROC curves for the 23 diagnostic subclasses on test fold
10. For readability, the subclasses are shown in two panels (a) and (b).

B. Risk-Controlled and Evidence-Augmented Set Prediction

After grid-search tuning on the held-out calibration fold,
we selected TOPK= 10 and β = 0.8 as the default EA-CRC
configuration for all subsequent experiments, since it achieved
near-optimal utility while maintaining the target miss-risk
constraint. CRC was first used to convert encoder probabilities
into a clinically interpretable diagnosis set with explicit control
of missed-finding risk. For each target level α, CRC calibrated
a single threshold on the calibration fold (fold 9) under the

TABLE I
PER-SUBCLASS OPERATING-POINT METRICS ON PTB-XL TEST FOLD 10
FOR K = 23 DIAGNOSTIC SUBCLASSES. POS(%) DENOTES THE NUMBER
OF POSITIVE TEST EXAMPLES. THR DENOTES PER-LABEL THRESHOLDS.

RARE SUBCLASSES WITH PREVALENCE < 1% ARE MARKED † .

Label Pos (%) Thr Prec↑ Rec↑ Spec↑ F1↑

NORM 963 (43.8%) 0.48 0.774 0.936 0.787 0.847
IMI 327 (14.9%) 0.58 0.610 0.731 0.918 0.665
AMI 306 (13.9%) 0.72 0.707 0.775 0.948 0.739
STTC 222 (10.1%) 0.66 0.425 0.725 0.890 0.536
LVH 214 (9.7%) 0.63 0.579 0.738 0.942 0.649
LAFB/LPFB 179 (8.1%) 0.77 0.682 0.754 0.969 0.716
ISC 128 (5.8%) 0.90 0.650 0.609 0.980 0.629
IRBBB 112 (5.1%) 0.81 0.565 0.696 0.971 0.624
ISCA 93 (4.2%) 0.83 0.389 0.452 0.969 0.418
AVB 82 (3.7%) 0.59 0.423 0.573 0.970 0.487
IVCD 79 (3.6%) 0.82 0.233 0.253 0.969 0.242
CLBBB 54 (2.5%) 0.81 0.855 0.870 0.996 0.862
CRBBB 54 (2.5%) 0.74 0.743 0.963 0.992 0.839
NST 52 (2.4%) 0.69 0.157 0.346 0.955 0.216
LAO/LAE 42 (1.9%) 0.70 0.130 0.167 0.978 0.146
ISCI 40 (1.8%) 0.57 0.281 0.450 0.979 0.346

LMI† 20 (0.9%) 0.36 0.083 0.250 0.975 0.125
RVH† 12 (0.5%) 0.97 0.188 0.250 0.994 0.214
RAO/RAE† 10 (0.5%) 0.94 0.571 0.400 0.999 0.471
ILBBB† 8 (0.4%) 0.50 0.143 0.375 0.992 0.207
WPW† 8 (0.4%) 0.50 0.714 0.625 0.999 0.667
PMI† 2 (0.1%) 0.50 0.125 0.500 0.997 0.200
SEHYP† 2 (0.1%) 0.50 0.200 0.500 0.998 0.286

Macro – – 0.445 0.563 0.964 0.484

multi-label miss-loss in Sec. II-C and was evaluated once on
the held-out test fold (fold 10). EA-CRC followed the same
protocol but incorporated retrieval-derived support into the
decision rule, and was evaluated under identical splits.

Fig. 3 summarizes the operating characteristics across risk
targets. In Fig. 3a, the achieved miss-risk tracked the target
α closely for both CRC and EA-CRC. As α increased from
0.05 to 0.20, the system behaved as an explicit “risk knob”:
higher tolerated miss-risk produced more selective outputs and
smaller diagnosis sets. Fig. 3b quantified this efficiency trade-
off. CRC reduced the average set size from 4.13 at α = 0.05
to 1.95 at α = 0.20, while EA-CRC produced comparable
or smaller sets over most operating points. Fig. 3c reported
corresponding utility using micro F1. EA-CRC improved
micro F1 at the nominal operating point α = 0.1 (from 0.568
to 0.574), consistent with evidence acting primarily to prune
weakly supported labels and improve set composition.

C. Selective Deployment via Risk–Coverage Analysis

To quantify this operating mode, we evaluated risk–
coverage behavior on the PTB-XL test fold by sorting ECGs
using the credibility score cred(x) and then computing perfor-
mance on the accepted fraction of cases. Coverage denotes the
fraction of test cases accepted (highest-credibility first), and
selective miss-risk is the mean missed-finding loss computed
only over the accepted subset.

Fig. 4 shows that both CRC and EA-CRC isolate a low-
risk subset at low coverage, indicating that credibility-based



0.05 0.10 0.15 0.20

0.05

0.10

0.15

0.20
M

iss
-ri

sk
 R

0.054
0.072

0.100
0.119

0.147

0.177
0.201

0.053
0.073

0.1020.112

0.154
0.181

0.197

(a) Risk calibration
CRC
EA-CRC
Ideal (R=α)

0.05 0.10 0.15 0.20

2

3

4

Av
er

ag
e 

se
t s

ize

4.13

3.56

2.92
2.67

2.38
2.09 1.95

4.17

3.47

2.86
2.65

2.28
2.04 1.91

*

*

*
*

*
* *

(b) Efficiency (set size)
CRC
EA-CRC

0.05 0.10 0.15 0.20
Target α

0.45

0.50

0.55

0.60

0.65

0.70

M
icr

o 
F1

0.468

0.512

0.568
0.588

0.612
0.6370.645

0.465

0.521

0.574
0.595

0.624
0.6430.654

*

*

*
*

*
* *

(c) Utility (micro F1)

CRC
EA-CRC

α = 0.1

Fig. 3. Operating characteristics across risk targets α (TOPK=10, fixed
β = 0.8). (a) Achieved miss-risk R on the test fold versus target α
with the ideal reference R = α. (b) Average diagnosis-set size versus
α (efficiency). (c) Micro F1 versus α (utility). Shaded bands denote 95%
bootstrap confidence intervals. Asterisks indicate operating points where the
paired bootstrap confidence interval of ∆(EA-CRC−CRC) excluded zero.

ordering concentrates reliability in the earliest accepted cases.
As coverage increases, selective miss-risk rises and approaches
the overall operating regime near the target level α = 0.10,
consistent with the expected trade-off between automation
coverage and error. We summarize ranking quality using the
area under the risk–coverage curve (AURC), where lower
values indicate better separation between low- and high-
risk cases. CRC achieved AURC = 0.0952, while EA-CRC
achieved AURC = 0.0968, suggesting that evidence augmen-
tation primarily improves set composition under comparable
miss-risk, while credibility-based ranking remains similar be-

tween methods.
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Fig. 4. Risk–coverage curves on PTB-XL test fold (10) with examples sorted
by a credibility score computed from the predicted diagnosis set and retrieval
evidence with an additional penalty for PTB-XL signal-quality flags. Coverage
is the fraction accepted, and selective miss-risk is the mean missed-finding
loss over accepted cases.

These results indicate that EA-CRC provides a modest
improvement in review-set composition rather than a large
overall performance gain. The primary value of EA-CRC is
that retrieval evidence participates directly in the calibrated
decision rule, allowing weakly supported labels to be pruned
while maintaining near-target missed-finding risk.
D. Case Study: Certificates and Mechanistic Interpretation

To complement aggregate metrics, we present one case-
study certificate for EA-CRC at TOPK=10, β = 0.8, and
α = 0.10. Each certificate reports the reference findings, the
CRC review list, the EA-CRC review list, the labels pruned by
EA-CRC, and retrieval-based evidence summaries. The goal
of this analysis is to demonstrate that EA-CRC’s pruning
behavior aligns with case-based evidence while preserving
missed-finding risk control.
Case 1 ecg id=14534, GI=14497
Setting TOPK=10, β = 0.8, α = 0.10
Thresholds CRC t⋆ = 0.236; EA τ⋆ = 1.480
Summary |CCRC| = 7 → |CEA| = 5; pruned 2 labels; no missed reference

findings
Reference findings: AMI, CRBBB, LAFB/LPFB, AVB
CRC candidate list: AMI, CRBBB, IRBBB, LAFB/LPFB, LMI, RVH, AVB
EA-CRC candidate list: AMI, CRBBB, LAFB/LPFB, LMI, AVB
Pruned: IRBBB, RVH; Added: none
Evidence for EA-CRC findings: AMI 8/10, support=0.763; CRBBB 10/10, sup-
port=0.953; LAFB/LPFB 9/10, support=0.858; LMI 1/10, support=0.095; AVB 3/10,
support=0.285.
Top similar ECGs: sim=0.921, labels=AMI,CRBBB,LAFB/LPFB; sim=0.916, la-
bels=AMI,CRBBB,LAFB/LPFB; sim=0.914, labels=AMI,CRBBB,LAFB/LPFB.

IV. DISCUSSION

Empirically, both CRC and EA-CRC track the target miss-
risk across operating points while providing a practical ac-
curacy–efficiency trade-off: higher tolerated miss-risk yields
smaller diagnosis sets, and evidence augmentation improves
set composition with comparable reliability. The key idea in
EA-CRC is to treat retrieval as an evidence signal that partici-
pates directly in the decision rule, rather than as a post-hoc jus-
tification step. Using learned embeddings for nearest-neighbor
support connects naturally to dense retrieval paradigms that
have proven effective for grounding downstream generation



and decisions in retrieved examples [24]. Efficient approximate
nearest-neighbor indexing further supports the feasibility of
retrieval-backed evidence at scale [25]. In our case certificates,
evidence support helps prune weak labels that are plausible un-
der the encoder alone, improving review-list precision without
sacrificing reference findings.

The risk–coverage analysis suggests a second deployment
mode beyond fixed α, which is selective automation. Classic
reject-option theory formalizes trading coverage for lower
error, and modern selective classification frameworks ana-
lyze the same risk–coverage frontier that appears in our
credibility-ordered curves. Operationally, this supports a sus-
tainable workflow in which high-credibility ECGs can be
auto-processed with bounded miss-risk while lower-credibility
cases are deferred for clinician review, reducing alert fatigue
and concentrating human attention where it matters most.

There are several limitations that motivate our future work.
First, distribution-free guarantees rely on calibration data being
representative of deployment; covariate shift can violate ex-
changeability and degrade calibration, suggesting the need for
shift-aware conformal methods and external validation across
sites and acquisition conditions. Second, retrieval evidence can
inherit dataset biases and embedding blind spots; future work
should incorporate quality-aware retrieval, uncertainty-aware
similarity, and clinically meaningful subgroup audits. Finally,
healthcare algorithms can encode structural inequities even
without using sensitive attributes directly.

V. CONCLUSION

We introduced an ECG decision-support framework that
couples decision-aligned uncertainty with verifiable commu-
nication. CRC provides diagnosis sets with explicit control
of missed-finding risk, and EA-CRC injects nearest-neighbor
evidence to improve efficiency by pruning weakly supported
labels while preserving near-target risk. A risk–coverage anal-
ysis further supports selective deployment, enabling low-
risk automation with principled deferral. To prevent unsafe
free-form narratives, we restrict an instruction-tuned LLM
to code-locked rewriting and enforce a deterministic verifier
that blocks out-of-set diagnoses and measurement-like text.
Future work will prioritize external validation, quality-aware
and bias-audited retrieval, and integration with stronger ECG
foundation encoders for improved generalization.
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