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Abstract

Background
Lung-sound classifiers are usually evaluated on recording- or event-level splits, although each child
contributes many recordings. We evaluated a foundation-model pipeline (PulmoVec) with the patient as
the unit of partitioning and asked whether disease group can be predicted beyond age and sex.

Methods
We analyzed 19693 physician-annotated respiratory events from 736 children in the public SPRSound
database. A frozen Health Acoustic Representations encoder with low-rank adapters was trained for
screening (normal versus adventitious), sound pattern (normal, crackles, wheeze/rhonchi) and disease
group (pneumonia, bronchial disease, normal/other); event probabilities were stacked with age, sex and
auscultation site. The primary analysis was nested patient-grouped cross-validation in which every child
was tested once, with a locked hold-out as secondary; comparators were the majority class, annotated
event duration and demographics, and intervals came from bootstrapping patients.

Results
For physician-segmented events the area under the receiver operating characteristic curve (AUC) was
0.95 (95% CI 0.94 to 0.96) for screening and 0.95 (95% CI 0.94 to 0.96) for sound pattern, against 0.78
and 0.75 for event duration alone; the positive predictive value for adventitious events was 0.72 (95% CI
0.66 to 0.77). Disease-group prediction reached an AUC of 0.58 (95% CI 0.54 to 0.62); its accuracy (0.44)
was below the majority-class rate (0.62) at event level and at patient level (0.46 versus 0.60), and age
and sex carried 55.5% of the second-stage attribution for this outcome.

Conclusions
Recognition of physician-segmented adventitious events holds under patient-level validation and its
discrimination is not explained by event duration or demographics, although in exploratory analyses its
decisions favored short events and its positive predictive value would limit unaided use. Prediction of
disease group, a clinical diagnosis, from lung-sound events alone was not demonstrated. Lung-sound
studies should partition data by patient, as prior evidence indicates, and report non-acoustic
comparators.

Background
Chest auscultation is the first instrument used to assess a breathless child, yet lung sounds are
described inconsistently [1, 2] and examiners agree only moderately on crackles and poorly on rhonchi
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[3]. Machine learning applied to electronic stethoscopes has been proposed as a way to make
auscultation reproducible [4], and a meta-analysis of pediatric models pooled sensitivities and
specificities near ninety percent [5], although reviews of the field stress its heterogeneity and the scarcity
of external validation [6].

Such estimates depend on how data were partitioned; that meta-analysis rated overlap of children
between training and test data as a risk of bias but did not stratify its pooled estimates by it. The SJTU
Paediatric Respiratory Sound database (SPRSound), the pediatric resource used most often in that meta-
analysis [5, 7], holds many recordings and annotated events per child, and part of its official test material
comes from children who also appear in its training material [7, 8]. When one child’s events fall on both
sides of a split, a model can succeed by recognizing the child rather than the disease (identity
confounding [9]), and record-wise validation overestimates clinical prediction performance [10, 11],
including for lung sounds [12–14]. A further threat receives less attention: classifiers may exploit
shortcuts [15], such as the annotated duration of the event for event-level classification [16] and age and
sex for diagnosis [17].

PulmoVec is a multi-task stacking pipeline built on the Health Acoustic Representations (HeAR)
foundation model [18]. Adventitious sounds are acoustic events that an examiner hears, whereas
pneumonia and asthma are clinical diagnoses; whether the second can be read from the first is the
question such a pipeline raises. Here we (i) estimate acoustic event classification by PulmoVec under
patient-level validation against duration-only and demographics-only comparators, and (ii) test whether
disease group can be predicted beyond demographics.

Methods

Design and data
The analysis plan, including the wording rules attached to the results, was written before the reported
analyses were run and is kept, with a dated record of deviations, in the code repository; full methods are
given in Additional file 1 (Section S1). This retrospective model development and internal validation
study is reported according to TRIPOD+AI [19] (Additional file 1, Section S4). SPRSound contains
recordings made with one electronic stethoscope at Shanghai Children’s Medical Center, with event
onsets, offsets and types annotated independently by three pediatric physicians (disagreements
adjudicated by two senior physicians; no agreement statistic reported) and a recording-level diagnosis
[7]. We used all annotated events with audio, excluding events without a usable label (stridor and “no
event” annotations), recordings without a documented diagnosis and events with an implausible
encoded age. Nothing was imputed. The base-model architecture, its training configuration and the
disease grouping had been chosen during earlier development on SPRSound, in which the locked hold-
out had been inspected; the analysis plan, dated 19 September 2026 and kept in the repository, therefore
fixes the evaluation and its wording rules, not these pipeline choices. Patients and the public were not
involved in this secondary analysis.

Page 3/21



Outcomes
Three outcomes were modeled. Screening distinguished normal events from events with any
adventitious sound; sound pattern distinguished normal events, crackles (including events with both
wheeze and crackles) and wheeze/rhonchi; and disease group distinguished pneumonia, bronchial
disease (bronchitis, asthma and bronchiolitis, grouped because their auscultatory signs overlap) and
normal/other; the grouping was fixed before the analysis, and the recorded diagnoses in each group are
listed in Additional file 1 (Section S2). The first two describe the event; the disease group belongs to the
recording and is inherited by each of its events.

Model
Each event was cut at its annotated boundaries, centered in a 2 s clip whose margins were padded with
low-level band-limited noise, band-pass filtered (100–1800 Hz) and encoded by the frozen HeAR Vision
Transformer [18, 20] with low-rank adapters in its last six blocks [21]. One classifier per outcome was
trained with focal loss [22], and their probabilities were combined with age, sex and auscultation site in a
class-balanced LightGBM second stage [23, 24] trained only on out-of-fold probabilities and tuned with
Optuna [25]. Full detail is in Additional file 1 (Sections S1 and S3).

Evaluation
The patient was always the unit of partitioning, and a program assertion verified before every fit and
evaluation that no patient was shared between partitions. The primary analysis was nested patient-
grouped cross-validation: five outer folds, so that each child was tested once, each with a validation
partition and four-fold out-of-fold stacking inside the training patients [26, 27]. A locked hold-out,
stratified by disease group, was secondary because it had been inspected once during development; it
served model-specific analyses.

Comparators and statistics
We compared the full stack with the majority class and with second-stage models restricted to
annotated event duration, to demographics, to the task’s own base model, and to all acoustic
probabilities. Because a child’s events are correlated, all intervals are percentile intervals from 2000
bootstrap resamples of patients [28]; pre-specified paired contrasts used the same resampled patients,
with Holm-adjusted p values (the smallest attainable value, 0.0025 after adjustment, is reported as p <
0.003). We report the area under the receiver operating characteristic curve (AUC; macro-averaged for
three classes), accuracy, per-class measures and calibration [29], at event level and after confidence-
weighted aggregation to recordings and patients. Two wording rules were fixed in advance: acoustic
classification is called robust only if the lower confidence bound of its AUC exceeds the duration-only
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AUC; disease-group prediction is reported as not demonstrated unless the full stack exceeds
demographics (adjusted p < 0.05) and patient-level accuracy exceeds the majority-class rate.

Attribution and preprocessing controls
After the planned analyses, and not pre-specified, two cues belonging to the preprocessing rather than to
the sound were tested by retraining one base model per acoustic outcome on the locked split: the first
with the mel bands above our filter’s cut-off replaced by the clip median, the second with the event not
isolated but taken as a 2 s window of real surrounding audio, so that the padded fraction no longer
encodes the annotated duration. Child-level count rules, a second stage without class weighting and a
child-level decision curve were also examined post hoc. Second-stage models were explained with
Shapley additive explanations (SHAP) [30]; base models with patch-occlusion maps on the spectrogram
input [31] for events sampled by a fixed rule, checked against deletion curves [32], a classifier-
randomization test [33] and integrated gradients [34].

Use of generative artificial intelligence
A generative artificial intelligence coding assistant (Claude Code, Anthropic) was used to help write and
edit the analysis code, and generative artificial intelligence was also used for language editing. The
analyses were specified by the authors, the code and its outputs were reviewed by the authors, and all
analytical decisions were made by the authors; the study design and the interpretation of the results are
the authors’ own. The authors take full responsibility for the code, the analyses and the content of the
manuscript.

Results

Cohort
Of 24808 annotated events, 304 had no usable label, 4802 lacked a documented diagnosis (excluded
from all outcomes so that the three share one cohort; 1377 of them also lacked a participant identifier)
and 9 had an implausible age, leaving 19693 events in 4985 recordings from 736 children (Fig. 1, Table
1). A child contributed a median of 18 events, so event-level partitioning places almost every child on
both sides of a split.

Table 1 Cohort characteristics and the partitions of the locked hold-out
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Variable All Train Validation Test p (train vs
test)

Patients 736 588 74 74

Age (years), median (IQR) 4.9 (3.4–
7.2)

4.8 (3.4–
7.2)

5.5 (3.3–
8.3)

5.0 (3.5–
7.0)

0.702

Sex, n (%) 0.519

Female 362 290 (49.3) 32 (43.2) 40 (54.1)

Male 374 298 (50.7) 42 (56.8) 34 (45.9)

Disease group (patient-
level), n (%)

1.000

Pneumonia 438 350 (59.5) 44 (59.5) 44 (59.5)

Bronchial diseases 179 143 (24.3) 18 (24.3) 18 (24.3)

Normal / Other 119 95 (16.2) 12 (16.2) 12 (16.2)

Events 19693 15877 1913 1903

Event type, n (%) <0.001

Normal 16396 13200
(83.1)

1557 (81.4) 1639
(86.1)

Fine Crackle 1692 1382 (8.7) 196 (10.2) 114 (6.0)

Wheeze 1243 1001 (6.3) 131 (6.8) 111 (5.8)

Rhonchi 208 172 (1.1) 18 (0.9) 18 (0.9)

Coarse Crackle 112 89 (0.6) 10 (0.5) 13 (0.7)

Wheeze+Crackle 42 33 (0.2) 1 (0.1) 8 (0.4)

Auscultation site, n (%) 0.607

Left posterior (p1) 4981 4011
(25.3)

492 (25.7) 478 (25.1)

Left lateral (p2) 5329 4335
(27.3)

497 (26.0) 497 (26.1)

Right posterior (p3) 4562 3669
(23.1)

432 (22.6) 461 (24.2)

Right lateral (p4) 4821 3862
(24.3)

492 (25.7) 467 (24.5)

Values are counts (%) unless stated. Disease group is a property of the patient; event type and
auscultation site are counted per event. P values compare the training and test partitions (Mann–
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Whitney U test for age, chi-square test otherwise); the comparison of event types involves sparse cells.

Acoustic event classification
Under nested cross-validation the AUC was 0.948 for screening and 0.950 for sound pattern (Table 2,
Fig. 2), with between-fold ranges of 0.908 to 0.961 and 0.917 to 0.967; the 74-child hold-out gave 0.965
and 0.963. Adventitious events were detected with sensitivity 0.80 and specificity 0.94, but, with 3297
adventitious events among 19693 (16.7%), the positive predictive value was 0.72 (95% CI 0.66 to 0.77);
crackles were hardest (sensitivity 0.70; Additional file 1, Table S1). AUC varied little by age band, sex or
site (0.928 to 0.959 for screening; Additional file 1, Section S5), but sensitivity did: from 0.89 in children
younger than 3 years to 0.65 in those aged 6 to 11 years, and 0.89 to 0.53 from the shortest to the
longest tertile of event duration. Discrimination remained at or above 0.90 within tertiles, but the
operating point shifted: specificity rose from 0.87 to 0.98 as sensitivity fell, 71% of adventitious events
lay in the shortest tertile, and a threshold matched within each tertile to the overall specificity recovered
only part of the loss for long events (0.68), while long crackles were detected at 0.27 (Additional file 1,
Section S2). The class-balanced second stage overstated the probability of an adventitious sound
(calibration slope 0.71, intercept −1.00).

At the child level the pre-specified confidence-weighted average missed most children with an
adventitious sound (sensitivity 0.28, specificity 0.99), because a child’s events are mostly normal while
the derived label is “any adventitious event”; calling a child positive when at least two events were
predicted adventitious, a post hoc rule, gave a sensitivity of 0.79 and a specificity of 0.78 (Additional file
1, Table S3); at a prevalence of 10%, the positive predictive value would be 0.29 for children under this
rule and 0.58 for single events, and in a post hoc decision-curve analysis the count rule gave a higher net
benefit than treating all children from a threshold probability of about 0.11 upward and exceeded the pre-
specified rule at every threshold from 0.05 to 0.40 (Additional file 1, Section S2).

Table 2 Performance of the full stacked model under patient-level validation
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Outcome and
level

Units Majority-class
accuracy

Accuracy MCC AUC,
nested CV

AUC, hold-
out

Screening,
event

19693 0.83 0.91 (0.91–
0.92)

0.71
(0.66–
0.75)

0.95
(0.94–
0.96)

0.97
(0.94–
0.98)

Screening,
patienta

736 0.67 0.76 (0.73–
0.79)

0.44
(0.38–
0.50)

0.87
(0.84–
0.90)

0.89
(0.81–
0.96)

Sound pattern,
event

19693 0.83 0.90 (0.89–
0.91)

0.69
(0.65–
0.73)

0.95
(0.94–
0.96)

0.96
(0.94–
0.97)

Sound pattern,
patienta

736 0.67 0.74 (0.71–
0.77)

0.40
(0.34–
0.46)

0.88
(0.86–
0.90)

0.84
(0.76–
0.91)

Disease group,
event

19693 0.62 0.44 (0.40–
0.48)

0.10
(0.05–
0.16)

0.58
(0.54–
0.62)

0.70
(0.57–
0.80)

Disease group,
patient

736 0.60 0.46 (0.42–
0.49)

0.14
(0.09–
0.19)

0.60
(0.57–
0.64)

0.62
(0.50–
0.74)

Nested CV (cross-validation): pooled out-of-fold predictions of the five outer folds. Intervals are
percentile bootstrap intervals obtained by resampling patients. AUC is macro-averaged one-vs-rest for
three-class outcomes. MCC: Matthews correlation coefficient. Macro-F1 and further metrics are given in
Additional file 1, Section S6. a Patient-level labels of the two acoustic outcomes are derived (any
adventitious event; most frequent adventitious pattern), not annotated.

Comparators and shortcuts
Annotated event duration alone reached an AUC of 0.779 for screening and 0.748 for sound pattern
(Table 3, Fig. 3); the acoustic models exceeded it by 0.172 (95% CI 0.144 to 0.206) and 0.200 (95% CI
0.173 to 0.231) (adjusted p < 0.003), meeting the pre-specified condition for robustness, and kept AUCs
of 0.902 or more within duration tertiles. Demographics alone were weakly informative (0.653 and
0.619). Stacking improved accuracy for both outcomes (by 0.018 and 0.055 against the task’s own base
model) and AUC for sound pattern (by 0.014), but lowered screening AUC (by 0.012); nine second-stage
learners were near-identical (Additional file 1, Section S7).

Table 3 Comparator ladder: AUC at event level and paired contrasts (nested cross-validation)
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Model Screening Sound pattern Disease group

Event duration only 0.779 (0.740–0.813) 0.748 (0.715–0.778) 0.568 (0.543–0.593)

Demographics only 0.653 (0.578–0.715) 0.619 (0.560–0.669) 0.517 (0.474–0.563)

Own-task base model 0.960 (0.951–0.968) 0.936 (0.925–0.947) 0.593 (0.565–0.621)

All acoustic probabilities 0.952 (0.941–0.961) 0.949 (0.940–0.957) 0.594 (0.566–0.623)

Full stack 0.948 (0.936–0.958) 0.950 (0.940–0.958) 0.583 (0.543–0.624)

Δ acoustic − duration 0.172; p < 0.003 0.200; p < 0.003 0.026; p = 0.255

Δ full − demographics 0.295; p < 0.003 0.331; p < 0.003 0.067; p < 0.003

Δ full − own-task base −0.012; p < 0.003 0.014; p < 0.003 −0.009; p = 1.000

All rows use the same second-stage learner and tuning protocol. Contrasts are paired patient-bootstrap
differences with Holm-adjusted two-sided p values.

Disease-group prediction
The full stack reached an AUC of 0.583 (Table 3; outer folds 0.477 to 0.677, Additional file 1, Table S13),
and its accuracy of 0.44 was below the 0.62 obtained by always predicting pneumonia; at patient level
accuracy was 0.46 against 0.60 (Table 2). The signal was not zero: the full stack exceeded
demographics, the contrast used by the decision rule, by 0.067 (Table 3), and the acoustic probabilities
alone exceeded them by 0.078 (95% CI 0.027 to 0.127) (adjusted p = 0.020), and patient-level balanced
accuracy was 0.41 (95% CI 0.37 to 0.45) against a chance value of one third. It was, however, far too
small to be useful and did not exceed annotated event duration (adjusted p = 0.255). The first pre-
specified condition was met and the second was not, so disease-group prediction is reported as not
demonstrated. Because the class-balanced second stage trades accuracy for minority-class recall, the
accuracy rule is demanding, but balanced accuracy (0.39 at event level) and the Matthews correlation
coefficient (0.10 and 0.14 at event and patient level) were also low; without class weighting, in a post hoc
sensitivity analysis, accuracy rose to 0.60 at event level and 0.58 at patient level, still below the majority-
class rates, and no pre-specified wording rule changed. Across 42 post hoc configurations at patient and
recording level (36 models fitted without class weighting and 6 unfitted mean predicted probabilities),
the patient-level AUC of the fitted models reached at most 0.65 for the three groups, with accuracy within
0.01 of the majority-class rate, 0.65 for pneumonia versus other diagnoses, with accuracy of up to 0.65
against 0.60, and 0.63 for pneumonia versus healthy controls (0.645 for the unfitted mean predicted
probability of pneumonia), with accuracy at the majority-class rate (recording-level AUC up to 0.66, 0.69
and 0.70, respectively; Additional file 1, Section S2). Age and sex carried 55.5% of the second-stage
attribution, against 2.8% for screening (Additional file 1, Section S8).

Page 9/21



Attribution
Removing the most attributed patches lowered the probability of the true class faster than random
removal (difference in mean area under the deletion curve 0.114 for screening and 0.182 for sound
pattern), but individual screening maps agreed no better with integrated gradients than with maps from a
randomized classification head, so they should be read with caution (Additional file 1, Section S9). For
adventitious events, 40.7% of attribution lay in one mel band of about 280 to 620 Hz (Fig. 4); for normal
events in the screening model, 67.9% lay above our filter’s cut-off, where only attenuated residual energy
remains.

Removing either preprocessing cue did not measurably change discrimination. Against hold-out base-
model AUCs of 0.967 (screening) and 0.959 (sound pattern), masking the bands above the cut-off
changed the AUC by 0.002 (95% CI −0.001 to 0.007) and −0.001 (95% CI −0.008 to 0.010), and replacing
the isolated clip with real surrounding audio by −0.006 (95% CI −0.013 to 0.003) and −0.006 (95% CI
−0.016 to 0.014) (all p > 0.1); context clips admit neighboring events, so the second control may
introduce another cue.

Discussion
With the patient as the unit of partitioning, recognition of physician-segmented adventitious events held:
an AUC of about 0.95, far above what annotated event duration achieves, independent of demographics,
and barely changed on the hold-out when either preprocessing cue was removed. Sensitivity, however,
varied with age and fell for long events: discrimination stayed at or above 0.90 within duration tertiles,
but the operating point shifted toward short events. Disease group was not predictable to a clinically
useful degree: the pooled interval excluded chance, though one outer fold fell below 0.5, and accuracy
stayed below the majority-class rate.

That record-wise evaluation inflates performance is known [10, 11], including for lung sounds [12–14].
Our outcomes differ in their exposure to that mechanism: a diagnosis is constant within a child, so a
model evaluated on a record-wise split can succeed by recognizing the child [9], whereas event type
varies within a child and must be heard. Disease-level labels are therefore the most exposed to this bias,
and the only other application of this foundation model to SPRSound that we found does not state its
unit of partitioning [35]. On SPRSound itself, the best challenge models scored 0.10 to 0.15 lower on a
later blind test set, a drop that may reflect new annotators and recording conditions as well as new
children (Additional file 1, Section S10).

Two explanations, which this design cannot separate, fit the disease-group result. The first is clinical.
Crackles and wheeze are properties of the sound itself, and a model trained on expert annotations
learned to recognize them; pneumonia is a clinical diagnosis that integrates history, fever, respiratory
rate, oxygen saturation and often imaging, no single examination finding reliably establishes it in
children, and against radiographic pneumonia auscultatory findings weigh less than hypoxemia and
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increased work of breathing [36, 37]. In hospitalized children in low- and middle-income countries,
digitally recorded crackles were not significantly associated with radiographic pneumonia [38]. The
second is task construction: each event inherits its recording’s diagnosis, so most acoustically normal
events carry a disease label; the residual class is heterogeneous (71 of its 119 children were healthy
controls); 27 children carried conflicting diagnoses between the source summary files; and the class-
balanced second stage trades accuracy for minority-class recall, although removing the weighting did
not change the result. DeepBreath likewise found pneumonia much harder than distinguishing healthy
from pathological breathing [39], and a COVID-19 audio model was overtaken by a symptom
questionnaire [17]. The post hoc child-level models, which assign each child a single label, also fell short
of clinical usefulness, including for pneumonia versus healthy controls; this is consistent with the first
explanation but does not establish it, because their inputs summarize three classifiers’ outputs rather
than the full acoustic representation. The finding concerns this labeling and these inputs, not lung
sounds in general. Nor does it close the question: the acoustic probabilities carried a small signal
beyond age and sex, and whether a child’s aggregated lung sounds add to the clinical findings
physicians already use deserves a prospective multicenter study that records oxygen saturation,
respiratory rate, fever and imaging alongside the recordings.

These estimates must not be read as performance on unsegmented recordings: the models classify
events whose boundaries physicians drew, a task no clinician performs, and a multi-country pediatric
study without such boundaries reported balanced accuracies near seventy percent [40]. The models
could serve as a second reader or teaching aid on annotated recordings, or as the classification stage
behind an automatic event detector; it is that combined, child-level system that needs prospective
evaluation. At the child level the pre-specified averaging rule missed most affected children; counting
events did far better, but that rule was chosen post hoc and needs confirmation. Stacking, the pipeline’s
defining design feature, added little: it improved accuracy but slightly lowered screening AUC, so
discrimination rests on the adapted foundation model.

Limitations include a single center and device, no external validation, and dependence on expert
segmentation. Nor was a cross-release validation performed; it is feasible, but the releases differ sharply
(adventitious events made up 24.1% of annotated events in the 2022 release and 5.3% in the 2024
release, with median annotated durations of 1.2 and 2.0 s), so its result would mix new children with
differences in annotation and recording (Additional file 1, Section S10). The hold-out had been inspected
before the analysis plan was written, so nested cross-validation is primary; its pooled bootstrap intervals
are somewhat narrow, which is why fold ranges are given. Child-level acoustic labels are derived, the
rarest event types were few, and probabilities need recalibration. The single-model ablations exclude
large effects, not small ones. No sample size was calculated; the 736 children bound the disease-group
AUC to within about ± 0.04, enough to exclude an AUC above 0.64 for the pre-specified model; post hoc
configurations reached 0.65 at patient level and 0.70 at recording level, with upper confidence bounds up
to 0.71 and 0.75. The 1800 Hz cut-off may attenuate high-frequency components of crackles, the hardest
class. The value of acoustic classifiers in primary care and low-resource settings is untested, and
replication and deployment depend on access to the HeAR weights, which are not redistributable.
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Researchers should partition by patient and assert it in code, state the unit of partitioning in the abstract,
and report demographics-only and duration-only comparators.

Conclusions
A foundation-model pipeline recognizes physician-segmented adventitious lung-sound events in children
with high discrimination under patient-level validation, with discrimination not explained by event
duration or demographics, though its preference for short events, its positive predictive value and the
child-level sensitivity of the pre-specified averaging rule, would limit its use unaided. Prediction of
disease group from lung-sound events was not demonstrated, consistent with diagnoses that rest on
clinical findings beyond auscultation; whether lung sounds add to those findings remains to be tested.
Patient-level partitioning, which prior work shows to be necessary, and non-acoustic comparators, which
here reached an AUC near 0.78, should be standard in lung-sound studies.
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AUC: area under the receiver operating characteristic curve; CI: confidence interval; CV: cross-validation;
HeAR: Health Acoustic Representations; MCC: Matthews correlation coefficient; SHAP: Shapley additive
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Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis, artificial intelligence
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Figure 1

Flow of events, recordings and participants, and the number of events per child. aExclusions are
applied to events; counts of recordings and participants are given at each stage. The analysis cohort is
then partitioned in two ways: a locked hold-out, used as the secondary analysis, and a five-fold nested
patient-grouped cross-validation, used as the primary analysis, in which each participant is tested
exactly once. Within an outer fold the remaining participants form a validation partition and a training
partition, the latter carrying four-fold patient-grouped out-of-fold stacking. b Distribution of the number of
annotated events contributed by each child (logarithmic scale; red line, median). Because one child
contributes many events, a split drawn on events leaves almost every child on both sides of it, whereas a
split drawn on children cannot.
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Figure 2

Discrimination and calibration under patient-level validation. Pooled out-of-fold predictions of the
nested cross-validation for the full stacked model. Color identifies the outcome; line type identifies the
class within an outcome, keyed in the panels of a. a Receiver operating characteristic curves; the
corresponding areas under the curve with intervals are given in Table 2. bPrecision–recall curves; the
dotted horizontal lines mark class prevalence, which is the performance of an uninformative model. c
Reliability curves: predicted confidence against observed accuracy, in ten bins. Points below the diagonal
indicate over-confidence, which is what the class-balanced second stage produces for screening.
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Figure 3

What the acoustic models add over two shortcuts. Event-level area under the curve of second-stage
models restricted to successive feature sets, from the nested cross-validation; bars are patient-
bootstrap intervals, filled circles mark the full stack. All rows use the same learner and tuning protocol.
The shaded region and the dashed line mark the performance reached by the annotated event duration
alone, a feature that is a property of the annotation rather than of the sound. The two acoustic outcomes
lie far to the right of that line; for disease group the whole ladder lies within or at the edge of it, and the
lower bound of the full stack does not clear it.
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Figure 4

Model-derived attribution for the two acoustic outcomes. a Class-mean occlusion maps over the
twelve-by-eight patch grid of the encoder input (time by mel band, with band edges in kilohertz) for
correctly classified hold-out events, scaled to the maximum of each panel; the dashed line marks the
upper cut-off of the band-pass filter applied during preprocessing, above which only attenuated residual
energy remains. b Share of positive attribution by mel band; color identifies the outcome and line type
the class. Attribution for adventitious events concentrates in a low band, whereas attribution for normal
events in the screening model lies largely above the filter cut-off; retraining without that region did not
change discrimination (see Results). c Area under the deletion curve, median and interquartile range,
when patches are removed in order of attribution and in random order; a lower value for attribution-
ordered removal indicates that the maps identify regions the model actually uses.
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