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Abstract

As Electrocardiogram (ECG) digitization becomes increasingly accurate, waveform
similarity alone does not establish preservation of diagnostically relevant information. This
study investigates whether post-digitization diagnostic instability can be identified without
access to the native digital ECG and whether such reference-free observability is sufficient to
support reliability assurance. PTB-XL waveforms were rendered as 3x4 ECG pages at 25 mm/s,
10 mm/mV, and 4 pixels/mm and re-digitized with a fixed image-based trace-recovery pipeline.
Analyses on PTB-XL showed that unobserved lead-time regions contributed only limited
incremental diagnostic information under the tested setting, indicating that missing temporal
support alone could not explain the observed preservation loss. A reference-free instability
score derived solely from digitized ECGs retained above-chance record-level discrimination on
a patient-disjoint cohort (AUROC 0.614, unitless, for distinguishing ECGs with versus without
at least one probe-defined new diagnostic error), but calibration deteriorated after population
transfer.  Selective acceptance reduced the occurrence of probe-defined new diagnostic
errors without satisfying the multimetric preservation requirements, while class-wise analysis
revealed strongly directional and diagnosis-dependent failures. Application to 99 real-world
ECGs from Tam Duc Hospital further showed that the representation remained technically
applicable despite structured feature-domain shifts. These findings establish a distinction
between risk observability and preservation assurance: diagnostic instability can be partially
stratified without an oracle reference, but successful ranking alone is insufficient to guarantee
stable diagnostic decisions or calibrated reliability.

Keywords: ECG Digitization, Diagnostic Information Preservation, Reliability Assessment,
Risk Stratification, Decision Stability, Calibration.

1. Introduction

Twelve-lead electrocardiography is a foundational cardiovascular measurement and an
important data source for modern machine-learning systems [1, 2, 3]. Yet many historical
ECG collections remain available only as paper records, scanned documents, PDF files, or
photographs. Recent community benchmarks and digitization systems have made waveform
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recovery from such sources increasingly feasible [4, 5, 6, 7]. The scientific question is therefore
shifting from whether an ECG can be digitized to whether diagnostically relevant information
is preserved after digitization.

This distinction matters because reliability is not a single property. High waveform
similarity does not guarantee preservation of diagnostic ranking; preserved ranking does not
guarantee stable threshold-based decisions; and a score that separates lower- from higher-risk
records may lose its probabilistic meaning under population or feature shift. These issues
connect ECG digitization to broader questions of calibration, dataset shift, and deployment
reliability in medical machine learning [8, 9, 10].

The present study examines post-digitization reliability at the record level. It separates
the incremental diagnostic contribution of lead-time regions absent from a standard print
layout from distortion introduced within the observed support, develops a reference-free
representation of probe-defined diagnostic instability, evaluates that representation on a
patient-disjoint cohort, and tests whether selective acceptance can satisfy explicit multimetric
preservation requirements. Class-specific failure directions are then characterized, and the same
representation is examined on 99 real-world hospital ECGs to distinguish technical applicability
from calibrated reliability. Together, these analyses ask whether diagnostic instability can be
observed without access to the native digital ECG and whether such observability is sufficient
to support preservation assurance.

2. Related Work

2.1 ECG Digitization and Reconstruction

Modern ECG digitization methods have shown that waveforms can be recovered
automatically from printed or image-based records with increasingly high accuracy [6,
7]. In parallel, reconstruction of a full 12-lead ECG from reduced leads and completion
under missingness have advanced rapidly, from conventional deep architectures to GANS,
CNN-Transformer models, diffusion models, and Mamba-based networks [11, 12, 13, 14, 15,
16]. Recent benchmarking also suggests that configurations optimized for waveform similarity
need not be optimal for downstream diagnosis [17]. These developments shift the open problem
from whether reconstruction is technically possible to whether the resulting signal preserves
the information required for subsequent decisions. Recent paper-ECG studies also highlight
that segmentation and signal-extraction errors can be amplified during digitization and that
small waveform losses may propagate into downstream classification behavior [20, 21].

2.2 Diagnostic Preservation Beyond Waveform Fidelity

Metrics such as Pearson correlation, RMSE, and SNR quantify signal-level similarity
but do not determine whether downstream models preserve diagnostic ranking, threshold-based
decisions, or error profiles. A reconstructed waveform may remain globally similar to
the reference while inducing probability shifts large enough to cross a decision threshold.
Conversely, relative ordering across records may be largely retained even when absolute
probabilities become miscalibrated. Reliability after digitization should therefore be examined
at several distinct levels: waveform fidelity, diagnostic discriminability, decision stability, and
the transportability of score meaning across populations.

Figure 1 summarizes these levels as a conceptual scaffold. The empirical contribution
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of the present work begins at the point where diagnostic instability must be recognized without
an oracle reference, then asks whether such recognition is sufficient for preservation assurance
and whether the resulting representation remains applicable after domain transfer.
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Figure 1. Reliability levels after ECG digitization
2.3 Reliability Under Domain Shift

In medical machine learning, discrimination often degrades less than calibration
when outcome prevalence or feature distributions shift [8, 9, 10]. Recent work on clinical
machine-learning operations and self-validating ECG systems emphasizes the need to assess
reliability at the point of use [18, 19]. Nevertheless, high average diagnostic performance,
or even a score that ranks higher-risk records, does not establish that diagnostic information
is preserved for individual digitized ECGs. Unlike conventional confidence filtering or
post-hoc calibration, which operate on a predictor's own output confidence, the present
framework derives a separate reference-free score from the digitized waveform and targets
digitization-associated instability of a fixed diagnostic probe rather than recalibrating that
probe.

The remaining gap is therefore not signal recovery itself, but whether record-level
downstream instability is observable from the digitized waveform and whether such
observability is sufficient for preservation assurance. This distinction motivates evaluation of
reliability beyond average reconstruction utility.

3. Materials and Methods

3.1 Data Sources and Study Cohorts

PTB-XL [1] provided native digital waveforms and labels for the five diagnostic
superclasses: NORM, MI, STTC, CD, and HYP. Separate cohorts supported the missing-support
analysis (21,388 ECGs), development of the reference-free stratification model (400 ECGs
from 382 patients), and patient-disjoint validation (1,669 ECGs from 1,495 patients). Model
and threshold choices were finalized on the development cohort before validation. A further 99
real-world ECG image/PDF sources from Tam Duc Hospital were used for domain-applicability
analysis because paired native digital waveforms were unavailable. Table 1 summarizes the
cohort roles.
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Table 1. Data sources and analytical roles

Data source ECGs Patients Analytical role
PTB-XL, missing-support 21,388 - Quantify the incremental diagnostic value of
analysis lead-time regions absent from the print layout.
PTB-XL, development 400 382 Define diagnostic instability and estimate a
cohort reference-free stratification score.
PTB-XL, patient-disjoint 1,669 1,495 Evaluate discrimination, calibration, and
validation preservation on patient-disjoint data.
Tam Duc Hospital 99 - Assess cross-domain applicability where no

paired native waveform is available.

3.2 Observed Temporal Support and Missing-Support Analysis

A standard 3x4 ECG print displays each short lead for only 2.5 s. All analyses,
therefore, followed a non-fabrication principle: each lead was represented only over the interval
directly observed in the print layout, with no repetition, concatenation, or interpolation across
unobserved time. For PTB-XL, native digital ECGs were rendered into a 3x4 layout and
digitized with a fixed procedure, producing paired reference-observed and digitized-observed
waveforms on identical temporal support. Diagnostic differences in the preservation analyses
therefore reflect digitization distortion under a common observed support, rather than a mixture
of digitization error and missing-signal completion.

For the PTB-XL simulation, high-resolution native recordings were sampled onto the
raster-time grid of a custom Python renderer at 25 mm/s and 10 mm/mV with 4 pixels/mm. The
resulting RGB page was 1000 x 448 pixels (3 x 4 short-lead layout plus a 10-s lead-II rhythm
strip), corresponding to a 100-Hz raster-time sampling rate. Rendering used Pillow/ImageDraw,
and the subsequent digitization reused the fixed image-processing procedure based on border
suppression, Viterbi-L1 trace recovery, and adaptive vertical recovery. Only the 12 short-lead
windows were used in the preservation representation.

The incremental contribution of the unobserved lead-time regions was assessed with a
nested representation. For the same ECG and label, the two input conditions were

O=[X,,.,0,M], F=[X 00 XertrarM]

where X, , denotes the lead-time regions visible in the print layout, X__,,, denotes
the additional intervals available only in the native digital ECG, and M is the identical
positional mask used in both representations. The two inputs have the same dimensionality,
and F' is a strict information superset of O. Separate models were trained for O and F' under
the same architecture, data partition, optimization settings, and initialization seed, with five
seeds evaluated for each representation and preprocessing branch. Probabilities were averaged
across seeds and decision thresholds were selected on the corresponding validation data.
For the shape-normalized branch, normalization statistics were estimated exclusively from
X,ps before constructing O and F', preventing information from X ,,, from entering the
observed-only condition. The O — F contrast therefore estimates the incremental diagnostic
value of unobserved lead-time regions under matched modeling conditions; it does not imply
that those regions lack physiological information.

obs» extra’

The full support grid spanned 12 leads over 10 s at 100 Hz. Accordingly, M was
implemented as a binary 12 x 1000 lead-by-time matrix: entries corresponding to the actually
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printed 2.5-s interval of each lead were set to 1, and unobserved lead-time positions were set to
0. The same M was provided to both O and F’, so the comparison changed only the availability
of X rather than the location of observed support.

3.3 Definition of Record-Level Diagnostic Instability

extra

For reproducibility, class-specific decision thresholds were chosen on the fold-9
validation data by exhaustive search over 37 evenly spaced values from 0.05 to 0.95 (step
0.025). For each diagnostic class, the threshold that maximized validation F1 was retained.
This procedure yielded 0.425 (NORM), 0.775 (MI), 0.750 (STTC), 0.350 (CD), and 0.575
(HYP); all five thresholds were then frozen before the preservation analyses.

A fixed diagnostic probe for NORM, MI, STTC, CD, and HYP was trained on PTB-XL
folds 1-8, selected on fold 9, and then held unchanged for the subsequent preservation
analyses. The probe was a compact one-dimensional convolutional neural network with
three convolutional blocks followed by global average pooling and was distinct from the
separately trained models used in the nested O/F missing-support analysis. Its primary
input representation normalized each lead by subtracting its median and dividing by its RMS.
Class-specific decision thresholds were selected once on development data and then fixed at
0.425 (NORM), 0.775 (MI), 0.750 (STTC), 0.350 (CD), and 0.575 (HYP). For class ¢ and
record ¢, a new diagnostic error was defined as a case in which the reference waveform was
classified correctly but the digitized waveform was classified incorrectly:

Erew =1 [gorecte =y, ) 1[5 # y,.] (1)

Using the class-level error definition in Eq. (1), record-level instability was defined as

> Epev > 0] 2)

C

The endpoint in Eq. (2) is a property of the diagnostic probe and should not be
interpreted as a clinical adverse event.

3.4 Reference-free Reliability Stratification

To remain usable when no native digital ECG is available, the reliability estimator
was restricted to information derived from the digitized waveform. From each digitized
12 x 250 ECG tensor, the feature mapping ¢ (Xfl Zg”) comprised 45 descriptors grouped
into six families: amplitude and scale; roughness, derivative behavior, and flatness; low- and
high-frequency spectral ratios; periodicity; consistency within simultaneous three-lead groups;
and physiologically motivated consistency descriptors, including the Einthoven residual,
augmented-lead sum residual, and correlations between neighboring precordial leads. No
feature used the native waveform, NRMSE, or diagnostic labels at scoring time. The resulting

score was written as

digit
ri=Io (¢ (X)) G)
where f, was estimated only on the development cohort. Eq. (3) defines a stratification
score; it is not assumed a priori to be a calibrated probability. The primary estimator was

L2-regularized logistic regression (C' = 1) after standardization. Development performance
was estimated by S5-fold StratifiedGroupKFold cross-validation repeated 10 times with
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patient-level grouping. The estimator was subsequently fitted to all 400 development
records and evaluated on the 1,669 patient-disjoint validation records. Patient-level bootstrap
resampling was used for uncertainty estimation.

Generalization was characterized jointly through discrimination, calibration, and
prevalence-adjusted precision-recall performance. The assessment considered whether the
lower bound of the patient-bootstrap 95% CI for AUROC exceeded 0.50, whether mean Brier
skill remained positive, and whether AUPRC was at least as large as the observed instability
prevalence. Brier skill was defined as 1 — Brier/Brier,,,;;- The null comparator used the
development prevalence (0.4275), avoiding dependence on labels from the patient-disjoint
validation cohort.

The 45 descriptors were predefined to cover complementary signal properties that
can be computed without a native reference: amplitude scale, local roughness and derivative
behavior, flatness, low- and high-frequency content, periodic organization, within-triplet lead
consistency, and physiologically motivated inter-lead relationships. They were intended as a
compact plausibility representation rather than as an optimized or causally interpretable feature
set. The complete descriptor set and its six predefined feature families are listed in Table 2.

Table 2. Reference-free feature families and descriptors

Feature family (n) Descriptors

Amplitude and scale (9) amp_p2p_median, amp_p2p_q90, amp_p2p_max, amp_p2p_iqr;
amp_rms_median, amp_rms_q90, amp_rms_max, amp_rms_iqr;
amp_p2p_cv.

Roughness, derivative roughness_median, roughness_q90, roughness_max, roughness_iqr;
behavior, and flatness (12) | deriv_rms_ratio_median, deriv_rms_ratio_q90, deriv_rms_ratio_max,
deriv_rms_ratio_iqr; flat_fraction_median, flat_fraction_q90,
flat_fraction_max, flat_fraction_iqr.

Spectral ratios (8) lowfreq_ratio_median, lowfreq_ratio_q90, lowfreq_ratio_max,
lowfreq_ratio_iqr; highfreq_ratio_median, highfreq_ratio_q90,
highfreq_ratio_max, highfreq_ratio_iqr.

Periodicity (4) periodicity_median, periodicity_q90, periodicity_max, periodicity_iqr.

Simultaneous-lead triplet_abs_corr_median, triplet_abs_corr_q90, triplet_abs_corr_max,

consistency (8) triplet_abs_corr_iqr; triplet_spread_median, triplet_spread_q90,
triplet_spread_max, triplet_spread_iqr.

Physiological lead einthoven_residual_norm, augmented_sum_residual_norm,

consistency (4) precordial_neighbor_abs_corr_median,

precordial_neighbor_abs_corr_min.

Family-level contribution was assessed using the FULL45 representation together with
six leave-one-family-out variants and six single-family variants. All variants used the same
standardization, L2 logistic regression (C = 1), and 5-fold StratifiedGroupKFold protocol
repeated 10 times with patient-level grouping. Each variant was then fit once on all 400
development records and evaluated without tuning on the same 1,669-record patient-disjoint
cohort. Redundancy was summarized by pairwise Spearman correlations among the 45
development features, and coefficient stability was summarized across the 50 grouped
development fits using standardized coefficient magnitude and sign consistency.
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3.5 Selective Acceptance and Preservation Assessment

Accepted fractions of 50%, 75%, and 90% were evaluated. For an accepted fraction g,
the retained subset consisted of records with the lowest assigned risk scores:

Ag={i:ri<Qqyn} )
Eq.(4) formalizes the low-score acceptance rule used at each evaluated coverage.

Preservation was treated as a multimetric requirement rather than a single performance
measure. For each accepted subset, the degradation vector was

P, = (AAUROC,AAUPRC, AF1,max AAUROC. ) )

In Eq.(5), A denotes reference performance minus digitized performance, and
both representations were evaluated on the same Aq. The predefined margins were
(0.03,0.05,0.05,0.08), respectively. Preservation was considered supported only when
all components satisfied their margins; improvement in a single metric was not sufficient.
Patient-level bootstrap confidence intervals were used to quantify uncertainty.

These values were prespecified empirical engineering/scientific preservation margins
rather than clinical tolerance, equivalence, or non-inferiority thresholds. The macro-AUROC
margin of 0.03 was set more stringently to constrain degradation in overall discrimination;
margins of 0.05 were used for macro-AUPRC and macro-F1 because the former is
more prevalence-sensitive and the latter is threshold-dependent. The 0.08 worst-class
AUROC margin served as a guardrail against a large class-specific degradation being
obscured by macro-averaging. The margins were inherited unchanged from the preceding
digitization-preservation protocol.

3.6 Class-wise Analysis and Hospital-Domain Evaluation

Class-wise AUROC,AUPRC,F1, the direction of new errors, threshold crossings, and
distance from the decision threshold were examined to characterize why ranking and decision
stability diverged. These analyses were interpretive and did not alter the fixed model formulation
or diagnostic thresholds.

For the Tam Duc cohort, the same representation and stratification model were applied
to all 99 ECGs; the 97 records meeting the pre-existing export-quality criterion formed a
sensitivity subset. Across the 1,188 short-lead segments, 435 required mild resampling to
250 samples because the image-derived sampling frequency was close to, but not exactly, 100
Hz. Resampling was confined to the observed lead interval and did not synthesize unobserved
support. Because paired native digital waveforms were unavailable, the hospital analysis
assessed feature-domain overlap, record-level applicability, and the distribution of assigned
stratification scores rather than observed diagnostic instability.

For the feature-domain shift analysis in Figure 5, the PTB-XL reference distribution
combined the 400-record development cohort and the 1,669-record patient-disjoint validation
cohort (n = 2,069). Feature medians and IQRs used for normalization were computed from this
fixed combined PTB-XL reference; the hospital data were not used to redefine the normalization
statistics.
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4. Results

4.1 Limited Contribution of Unobserved Lead-Time Regions

In the nested comparison, removing the lead-time regions absent from the print layout
reduced macro-AUROC by only 0.00359 in the amplitude-aware branch and 0.00062 in the
shape-normalized branch; changes in macro-AUPRC and macro-F1 were likewise small.
These differences were nearly an order of magnitude smaller than the previously observed
digitization-associated macro-AUROC degradation of approximately 0.034-0.037 under the
matched observed support. The result does not imply that the unobserved intervals contain
no physiological information. Under the matched model family and training design used here,
however, their incremental diagnostic contribution was too small to support missing-signal
completion as the primary explanation for the observed preservation loss.

4.2 Generalization of Reference-free Instability Stratification

On the development cohort, the reference-free score showed above-chance
discrimination of probe-defined instability. More importantly, discrimination persisted
when the fixed formulation was evaluated on 1,669 ECGs from 1,495 patients who were
disjoint from the development cohort: AUROC was 0.6142, with a patient-bootstrap 95%
CI of 0.5867-0.6419, and AUPRC was 0.4333 compared with an instability prevalence of
0.3409. These results indicate that diagnostic instability is not entirely latent; some of its
structure is observable from the digitized waveform alone, although the level of discrimination
is modest. Figure 2 summarizes the record-level risk stratification and calibration behavior on
the patient-disjoint validation cohort.
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Figure 2. Risk stratification and calibration

The mean assigned score was 0.4308, close to the development prevalence (0.4275)
but appreciably above the instability prevalence in the patient-disjoint cohort (0.3409). Brier
skill was -0.0491 (95% CI -0.0933 to -0.0054), so the prespecified calibration criterion was
not satisfied even though the AUROC and AUPRC criteria were met. Figure 2 shows both
phenomena: lower and higher score deciles retained a meaningful gradient in observed
instability, yet the score-to-outcome relationship departed from ideal calibration. The same
score can therefore preserve relative ordering while losing absolute probabilistic meaning after
population shift.
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The family-level sensitivity analysis revealed heterogeneous contributions to the fixed
FULLA4S5 representation. Removing spectral descriptors produced the largest observed AUROC
decrease on patient-disjoint validation (—0.0223), followed by amplitude/scale descriptors
(-0.0186), whereas removing periodicity or physiological-consistency descriptors produced
little change. Spectral descriptors also showed the strongest standalone discrimination
(AUROC 0.6129). Pairwise redundancy was limited, with only 2.02% of feature pairs
exceeding |rho| >0.8 and 0.61% exceeding |rho[>0.9. Coefficient-sign stability was highest
for the amplitude/scale, roughness/derivative/flatness, and periodicity families (median 0.98)
and lowest for physiological lead consistency (0.64). Table 3 summarizes the family-level
sensitivity and coeflicient-stability results.

Table 3. Feature-family sensitivity and coeflicient stability

Feature family (n) AUROC after Single-family Median sign

removal (A) AUROC consistency
Amplitude/scale (9) 0.5956 (-0.0186) 0.5590 0.98
Roughness/derivative/flatness (12) 0.6065 (-0.0077) 0.5359 0.98
Spectral ratios (8) 0.5919 (-0.0223) 0.6129 0.92
Periodicity (4) 0.6185 (+0.0043) 0.5312 0.98
Simultaneous-lead consistency (8) 0.6104 (-0.0038) 0.5681 0.88
Physiological lead consistency (4) 0.6140 (-0.0002) 0.5647 0.64

4.3 Selective Acceptance and Preservation Performance

Selective acceptance reduced the prevalence of probe-defined new diagnostic errors,
demonstrating that the score carried practically useful ranking information. At 50% coverage,
the new-error rate decreased from 34.09% to 27.22%, a relative reduction of approximately
20%. Preservation, however, required a stronger condition: all diagnostic metrics had to remain
within their prespecified degradation margins. Figure 3 shows the degradation profiles and
corresponding uncertainty across the evaluated acceptance fractions.
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Figure 3. Preservation degradation across accepted fractions

Across all examined acceptance fractions, at least one preservation dimension exceeded
its predefined degradation margin. At 75% coverage, which yielded the smallest macro-F1
degradation, macro-AUROC degradation was 0.0284 and the worst class-specific AUROC
degradation was 0.0410, both within their point-estimate margins. In contrast, macro-AUPRC
degradation was 0.0511 and macro-F1 degradation was 0.0984; the latter remained almost
twice the 0.05 margin. Its patient-bootstrap 95% CI extended to 0.1206. Figure 3 presents the
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point estimates and confidence intervals across accepted fractions, showing that the failure of
preservation was not driven by a single unstable estimate. Risk ranking therefore improved
case selection without establishing multimetric preservation. The non-monotonic minimum in
macro-F1 degradation at 75% coverage is consistent with case-mix effects: macro-F1 depends
on fixed class-specific decision thresholds and on the class composition of the accepted
subset, whereas the global risk score does not rank every class-specific threshold crossing
monotonically. Stricter coverage therefore need not yield a smaller macro-F1 drop.

4.4 Class-specific Decision Instability

Class-wise analysis revealed marked heterogeneity. Across the full patient-disjoint
validation cohort, STTC AUROC decreased from 0.903 on the reference representation to
0.875 after digitization, a degradation of only 0.0278. In contrast, STTC F1 decreased from
0.698 to 0.397, corresponding to a degradation of 0.301. NORM was substantially more stable,
with an F1 degradation of 0.0116, while MI, CD, and HYP fell between these extremes. Figure
4 summarizes the class-specific AUROC-F1 dissociation and the direction of probe-defined
New errors.
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Figure 4. Class-specific degradation and direction of new errors

The direction of the new errors also differed systematically across classes: all 169 new
STTC errors were false negatives, whereas 259 of 260 new CD errors were false positives. MI
was predominantly shifted toward false positives, while HYP was predominantly shifted toward
false negatives. Table 4 summarizes the class-specific evidence.

Table 4. Discrimination-decision dissociation

Evidence Ref. Digitized Difference (95% CI)
Macro-AUROC, full patient-disjoint cohort 0.8751 0.8456 0.0294 [0.0227, 0.0361]
Macro-F1, full patient-disjoint cohort 0.6675 0.5552 0.1123 [0.0946, 0.13006]
STTC AUROC 0.903 0.875 0.0278 [0.0169, 0.0388]
STTC F1 0.698 0.397 0.3013 [0.2491, 0.3561]
STTC new errors - - 169/169 FN
CD new errors - - 259/260 FP

4.5 Hospital-domain Applicability and Feature Shift

The fixed representation and stratification model were applied to all 99 Tam Duc ECGs
without retraining or recalibration. The mean and median assigned scores were 0.456 and
0.432, respectively, compared with 0.431 and 0.405 in the patient-disjoint PTB-XL cohort. The
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hospital distribution therefore showed a modest rightward shift: 28.3% of Tam Duc ECGs were
above the PTB-XL validation ()5 and 15.2% were above (Qq.

Feature-domain analysis did not indicate wholesale out-of-distribution behavior. The
median number of features outside the full PTB-XL min-max range was zero, and no hospital
record exceeded that range in more than 3 of 45 features. Nevertheless, several feature families
exhibited structured shifts. The augmented-lead sum residual and Einthoven residual shifted
by 1.45 and 1.09 PTB-XL IQR units, respectively; flatness-related statistics increased, whereas
selected amplitude statistics decreased by approximately 0.59 IQR. The largest shifts are shown
in Figure 5.
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Figure 5. Feature-domain shift between Tam Duc and PTB-XL

These findings support domain applicability of the representation, but not calibrated
diagnostic risk estimation, because no outcome variable corresponding to H was available for
the Tam Duc cohort.

5. Discussion

5.1 Multilevel Reliability after ECG Digitization

The central finding is a systematic separation among reliability levels rather than any
single AUROC value. Diagnostic instability was partially observable without a reference
waveform; that signal retained discriminatory value on patient-disjoint data but did not support
calibrated preservation assurance; class-wise analysis showed that failure depended on the
structure of the decision boundary; and hospital data demonstrated that technical applicability
can extend across domains without implying transport of calibration. Waveform similarity,
discrimination, decision stability, and deployment reliability should therefore be treated as
related but distinct forms of evidence.

The practical implication is that no single performance summary captures all of these
levels; evidence for discrimination, decision stability, and transportability should be interpreted
separately.
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5.2 Discrimination-Decision Dissociation

AUROC primarily reflects relative ranking.  Consequently, digitization-induced
score perturbations can leave many positive-negative pairs in the same order even when
individual probabilities shift appreciably. AUROC may therefore remain comparatively stable
despite substantial changes in threshold-based decisions. F1, in contrast, is determined after
probabilities are converted into class decisions; even a modest displacement around a decision
threshold can alter the predicted label. Preservation of discrimination and preservation of
decision stability are therefore related but non-equivalent properties.

The class-wise results make this distinction particularly clear. STTC retained
comparatively stable discrimination while exhibiting a pronounced loss of threshold-based
decision stability, with new errors occurring exclusively toward false negatives. CD exhibited
the opposite directional pattern, with nearly all new errors occurring toward false positives.
The asymmetry of these failures indicates that digitization-induced perturbations interact with
class-specific decision boundaries rather than producing a uniform increase in prediction noise.

This result also exposes a limitation of scalar reliability scores: a single probability of
instability cannot encode which diagnostic class is vulnerable, the direction of the expected error,
or its relationship to the class-specific threshold. Reliability assessment after digitization may
therefore benefit from class-conditional or vector-valued representations rather than a single
global score.

5.3 Limits of Reference-free Reliability Stratification

The patient-disjoint evaluation shows that discrimination alone is insufficient for
preservation assurance. The reference-free score retained useful ordering of records, but
calibration deteriorated and selective acceptance did not satisfy the multimetric preservation
requirements. Thus, a score can be informative for ranking without serving as a reliable
probability of instability or a guarantee of threshold-based diagnostic preservation. This
distinction narrows the claims that can be made from reference-free stratification and raises the
evidentiary standard for self-assessing ECG systems.

5.4 Implications for ECG Digitization and Deployment

Recent reconstruction studies have increasingly incorporated physiological constraints,
uncertainty estimation, and downstream objectives [12, 13, 14, 15, 16]. The present results
complement that literature by showing that post-reconstruction evaluation should distinguish
ranking from calibration, account for the direction of class-specific errors, and assess explicit
preservation constraints alongside average downstream performance. The limited incremental
value of unobserved lead-time regions under the tested design further suggests that completing
missing temporal support is unlikely to resolve the reliability problem by itself.

A future assurance system may therefore need to combine global abstention with
class-conditional reliability estimates and target-domain calibration. The Tam Duc analysis
illustrates why these components should remain separate: the reference-free representation
remained technically applicable in a hospital setting, yet structured feature shifts persisted and
calibration transport could not be established without paired outcomes.

For practical use before target-domain outcome validation is available, the score
should be treated only as a relative triage or review-prioritization signal, for example to flag
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higher-scoring digitized ECGs for additional waveform-quality review or repeat digitization.
It should not be interpreted as an absolute probability of diagnostic failure or used as an
autonomous clinical rejection rule; any fixed action threshold would require target-domain
outcome validation and, if appropriate, local recalibration.

5.5 Limitations

Several limitations define the appropriate scope of interpretation. First, H represents
instability of a fixed diagnostic probe rather than a clinical outcome. Second, the reference-free
score achieved only modest discrimination, and the study does not assume that it is an optimal
predictor. Third, the patient-disjoint validation cohort remains within PTB-XL fold 10 and is
therefore not a completely external dataset. Fourth, the Tam Duc cohort supports applicability
and feature-domain transport analysis but does not provide outcome-based calibration or
preservation validation. Fifth, a scalar instability score may be intrinsically limited when
downstream errors are class-specific and directional. These limitations constrain the claims
supported by the present data and define the evidence required before broader clinical or
cross-domain inference. Computationally, the original 45-descriptor implementation required
a median of 4.158 ms per 12x250 ECG (IQR 4.034-4.354 ms; 1,000 CPU trials on an Apple
M2 Pro, batch size 1), and standardization plus logistic scoring required an additional median
of 0.115 ms per ECG. These measurements characterize algorithmic overhead only and exclude
upstream digitization and file I/O.

6. Conclusion

Diagnostic reliability after ECG digitization cannot be inferred from waveform similarity
or average classification performance alone. Probe-defined instability was partially observable
from the digitized signal and retained above-chance discrimination on patient-disjoint data, but
calibration deteriorated and selective acceptance did not satisfy the multimetric preservation
criteria. Failures were class-specific and directional, while the hospital analysis showed that
technical applicability of a reference-free representation can coexist with unresolved calibration
transport. These findings support evaluating ECG digitization and reconstruction through
distinct evidence for discriminability, decision stability, calibration, and diagnostic information
preservation rather than through reconstruction quality or a single global score alone.

Data Availability and Reproducibility

PTB-XL is publicly available [1]. The analytical definitions, feature representation,
validation design, and preservation criteria are described in the Methods. The Tam Duc clinical
ECG data are confidential, de-identified, and not publicly released because of patient-privacy
and institutional data-protection requirements; only aggregate, non-identifying statistics are
reported.

Ethics Statement

PTB-XL is a public de-identified dataset and was used under its published data
conditions. Retrospective use of clinical ECG records from Tam Duc Hospital for research
was approved by the Institutional Review Board of Tam Duc Hospital (Protocol ID: 24751791).
Direct patient identifiers were removed before analysis, and each ECG record was assigned a
non-identifying research code. Only de-identified, coded ECG data were used in this study.
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