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Abstract. Congenital heart disease (CHD) is the most common con-
genital malformation and a leading cause of infant mortality. Diagnostic
echocardiography requires trained specialists; it is therefore hard to de-
liver at the point of care. In real screening, confirmed CHD is rare and ab-
normality labels are correspondingly few; this scarcity limits supervised
detection. We present a feasibility pilot of CHD screening from a single
subcostal video acquired with the RAPID EVA device (Bloom Standard,
USA). Instead of learning CHD from scarce positives, we model cardiac
normality: we train only on healthy hearts and flag deviations, using
no CHD labels. We evaluated 64 patients (9 CHD) with patient-level
five-fold cross-validation and a patient-cluster bootstrap; all reported
AUCs are patient-level. The normality autoencoder reached an AUC
of 0.87, against 0.93 for a fully supervised spatiotemporal classifier. At
the same per-frame granularity, supervision reached only 0.60. A de-
mographic baseline indicates that the anomaly is driven by the cardiac
image rather than by age, and occlusion attribution localizes it to the car-
diac region rather than the image borders. Modeling cardiac normality is
thus a practical direction toward point-of-care CHD screening, because
it needs only the normal studies a birth facility already collects.

Keywords: Congenital heart disease · Point-of-care ultrasound · Anomaly
detection · One-class learning · Small-sample learning · Interpretability.

1 Introduction

Congenital heart disease (CHD) is the most common congenital malformation
and a leading cause of infant mortality [1]. Its incidence is about 9 per 1,000
births, and roughly a quarter of cases are critical and need intervention within
the first year [2]. Early detection is therefore urgent, yet it remains hard. Pulse
oximetry misses a quarter of critical defects and about half of all major de-
fects [3]. Fetal echocardiography detects only 30 to 50 percent, limited by ex-
aminer skill [4]. Transthoracic echocardiography is definitive; however, it needs
⋆ Corresponding author: rodrigo@bloomstandard.com, ORCID 0009-0008-4288-8622.
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a specialist and a 17-view protocol lasting 30 to 60 minutes [5]. Scarce expertise
is thus the main bottleneck where the CHD burden is highest.

Handheld and portable ultrasound has widened access at the point of care [6],
and AI support can improve the consistency of acquisition and interpretation [7].
We study one such setting: a single subcostal view acquired with the RAPID EVA
device (Bloom Standard, USA). This window gives quick access in newborns [8].
The coronal long-axis view is among the best for detecting atrial and ventricular
septal defects, because shunt jets run parallel to the ultrasound beam; it also
shows atrioventricular valve regurgitation and ventricular size and function [8].
The setting carries pediatric-specific challenges. Neonatal hearts change quickly
with age and size; therefore an unmatched cohort can confound growth with
disease. A single portable view shows only part of the anatomy. Confirmed CHD
is rare and heterogeneous; furthermore, it is ascertained only after an abnormal
screen, so positives and abnormality labels are scarce.

These challenges are a poor fit for supervised CHD detection. Jiang et al. [9]
detect CHD from seven standard views. Hong et al. [10] detect secundum atrial
septal defects from color-Doppler images. Tang et al. [11] use two-stage trans-
fer learning for duct-dependent CHD in fetal echocardiography (see [12,13] for
reviews). These systems need multiple standard views and labeled abnormal
studies; both are scarce in single-view point-of-care screening.

We therefore detect CHD by modeling cardiac normality. Instead of learning
a boundary from few positives, we train only on the abundant healthy stud-
ies and flag CHD as a deviation, using no CHD labels. Normality (one-class)
modeling has been used for anomaly detection in medical imaging [14,15] and
echocardiography [16], but not, to our knowledge, for single-view subcostal CHD
screening in neonates. This is a feasibility pilot, not a state-of-the-art claim. We
frame small, imbalanced, single-site cohorts, biased ascertainment, and single-
view coverage as pediatric-specific screening challenges; furthermore, we report
what a normality-only model achieves under them. We address them with an
age-matched, patient-level evaluation, paired testing, and occlusion-based attri-
bution, so that a positive flag reflects pathology rather than population shift.
The intended output is a referral decision and not a diagnosis. The flag sends a
neonate to a formal echocardiogram; today that referral rests on pulse oximetry
and clinical examination alone.

2 Materials and Methods

2.1 Acquisition Device and Protocol

Data were acquired with the RAPID EVA device (Bloom Standard, USA): a 64-
element CMUT phased array producing a conic sector image at 3.5MHz, with a
9–12 cm depth and 30 fps. All examinations used a single acoustic window; under
a standardized protocol, two to three short subcostal coronal (long-axis) cine
clips were obtained per patient by experienced pediatric cardiologists (Fig. 1).
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(a) (b)

Fig. 1. (a) The RAPID EVA portable pediatric ultrasound device (Bloom Standard,
USA), used for every acquisition in this study; the probe is operated single-handed at
the cot side. (b) Single-view subcostal acquisition protocol. Each newborn is scanned
through the subcostal window; studies are then stored and filtered for analysis. Two
to three subcostal coronal (long-axis) cine clips are obtained per patient, with repre-
sentative frames shown.

Where a reference diagnosis required a conventional cart-based system, those
recordings were excluded from model development.3

2.2 Cohort

All training and evaluation use a single device version and an age-matched se-
lection of 64 patients (55 normal, 9 CHD) contributing 168 standard subcostal
scans. The nine CHD cases comprise four ventricular septal defects, three patent
ductus arteriosus, and two pulmonary atresia, the lesions ascertained to date in
this ongoing screening cohort; each CHD was confirmed by a reference cart-based
echocardiographic examination following an abnormal portable screen. Positives
are therefore conditioned on portable detectability, so the reported sensitivity is
likely optimistic. Routine care at this site is universal pulse oximetry plus clini-
cal examination. A cart-based echocardiogram is available in the same hospital;
however, it is performed only for neonates flagged by that routine screen. Table 1
reports the demographics of both classes; the small between-class age gap means
age alone carries little discriminative information, by design (Sec. 3).

2.3 Preprocessing and Representations

Recordings were standardized to 30 fps and cropped to the ultrasound sector
with a fixed conic mask (identical for all videos, calibrated once on a class-
balanced sample) that removes on-screen text and margins without per-image
3 The parents of each neonate gave written informed consent before screening, and all

echocardiographic data were de-identified before analysis. The study was approved
by the National Center for Maternal and Child Health of Mongolia; approval was
also granted by the Ethics Committee of the National University of Medical Sciences,
Ulaanbaatar (No. 149, 2 April 2024).
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Table 1. Demographics and clinical characteristics of the age-matched cohort. Data
are mean ± SD or n (%); no values were imputed.

Normal CHD

n 55 9
Age, days 2.2± 0.8 3.4± 2.9
Gender, male 27 (49%) 5 (56%)
Height, cm 50.3± 1.7 49.7± 2.3
Weight, kg 3.5± 0.4 3.2± 0.6

Fig. 2. Preprocessing on representative frames. In each pair, the raw single-view sub-
costal acquisition (left) is cropped to the ultrasound sector (on-screen text and margins
removed), resized to 256×256, and contrast-equalized with CLAHE (right). A healthy
and a CHD example are shown.

adaptation. Frames were then resized to 256× 256 and contrast-equalized with
CLAHE [17] (Fig. 2). The fixed, class-agnostic mask is deliberate; a per-image
or per-class crop could leak label information, whereas a single calibrated mask
removes device text and margins uniformly.

Each frame is mapped to a 512-d feature vector by a frozen ImageNet VGG16
[18] with global average pooling. We additionally evaluate three alternative back-
bones (ResNet-50 and ResNet-18 [19], Inception-V3 [20]) and an echo-specific
video foundation model (EchoFM [21]) as ablations. EchoFM is used as a frozen
extractor; subcostal clips are passed through the pretrained encoder with its
classification head removed to obtain per-clip embeddings, which feed the same
normality models.

2.4 Detection Methods

(a) Normality-only training (proposed). Models are fit on features of healthy
frames only (≈ 55,000 frames, a training-data volume and not an evaluation
unit): a shallow autoencoder (512–256–64–256–512, ReLU, MSE reconstruction;
Adam, learning rate 10−3, batch size 256, 40 epochs), a one-class SVM [22] with a
radial-basis-function (RBF) kernel, and an Isolation Forest [23]. The per-frame
anomaly (or reconstruction) score is aggregated per patient by its mean. No
abnormality labels are used in training.
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(b) Supervised reference. A two-stage spatiotemporal classifier. Frozen per-
frame features feed a trained temporal head (bidirectional GRU [24] with multi-
head attention and masked temporal pooling) predicting normal/abnormal. As
a granularity control, we also train per-frame supervised classifiers on the same
features and folds (logistic regression, RBF-SVM, random forest, k-NN and gra-
dient boosting). We report all five families rather than selecting one, because
choosing a family by cross-validated AUC would reuse the labels we test on.
(c) Demographic baseline. Logistic regression on patient age, over the same
patients and folds.
Occlusion attribution. A 40× 40 patch (stride 12) filled with a blurred copy
of the frame is slid over the image; the reconstruction anomaly is recomputed
at each position, and the resulting map is averaged over the 14 most anomalous
frames per clip.

2.5 Evaluation

All reported AUCs are patient-level. Methods use patient-level five-fold strat-
ified group cross-validation (a subject’s scans stay within one fold) and share
the same folds and seed. Each AUC is computed on the pooled out-of-fold pre-
dictions (one score per patient, concatenated across all folds), rather than by
averaging per-fold AUCs, which is unstable with one to two positives per fold.
The ≈55,000 healthy frames are a training-data volume only, not a unit of evalu-
ation, and do not enter the patient count. We report AUC with a patient-cluster
bootstrap 95% confidence interval (resampling patients, not videos). Because
marginal intervals are wide at this sample size, we additionally report paired
bootstrap differences ∆ between methods (same patients and folds) with a per-
mutation test, and a leave-one-CHD-out jackknife for stability. Given the small
positive count we report no winner and treat single differences as suggestive.
The autoencoder architecture and the VGG16 representation were fixed before
analysis. The training and evaluation code is available from the corresponding
author on reasonable request. The de-identified dataset is available on the same
basis, subject to approval by the participating institutions.

3 Results

At nine positives the marginal intervals are wide and small AUC gaps correspond
to about one patient, so we lead with what is stable and read single differences
as suggestive.
Main comparison. Table 2 lists all methods and families. The normality-only
autoencoder trails the supervised classifier by only ∆=0.06 (95% CI [−0.04, 0.18])
yet uses no CHD labels, while every per-frame supervised classifier sits at 0.50–
0.60; supervision helps only with temporal context. The autoencoder also exceeds
the age prior (∆=0.29, CI [0.01, 0.57]), and the occlusion analysis below argues
the signal is cardiac rather than demographic.
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Table 2. Patient-level five-fold cross-validation (n=64, 9 CHD). Sens/Spec at the
Youden-optimal point, AUC with patient-cluster bootstrap 95% CI. Normality models
use no abnormality labels. All five per-frame supervised classifiers are listed, so none
is cherry-picked. Operating points are chosen in-sample and are optimistic at this n;
we lead with AUC.

Family Method Sens Spec AUC 95% CI

Supervised Spatiotemporal (BiGRU) 1.00 0.87 0.93 0.86–0.98
Per-frame RBF-SVM 1.00 0.31 0.60 0.40–0.78
Per-frame LogReg 0.44 0.84 0.58 0.33–0.81
Per-frame RandomForest 0.56 0.78 0.57 0.31–0.82
Per-frame k-NN 0.89 0.25 0.52 0.31–0.71
Per-frame GradBoost 0.78 0.40 0.50 0.32–0.69

Normality-only Autoencoder 0.89 0.82 0.87 0.76–0.96
One-class SVM 0.89 0.78 0.83 0.69–0.94
Isolation Forest 0.89 0.69 0.81 0.66–0.93
EchoFM + Isolation Forest 1.00 0.51 0.64 0.49–0.77

Baseline Demographics (age only) 0.33 1.00 0.58 0.28–0.85

Ablations. Table 3 summarizes robustness. Temporal modeling does not beat
per-frame appearance for the normality branch, and backbone AUCs span only
0.85–0.93; at nine positives that spread is about one patient, so we read them
as instability, not a ranking. With the anomaly detector held fixed, a generic
ImageNet backbone still outperforms the echo-specific foundation model as a
representation for the normality models.

Occlusion attribution. For the nine confirmed-CHD cases, occluding the cen-
tral cardiac region reduces the anomaly score roughly twice as much as occluding
the periphery (median heart/periphery ratio 2.1, range 1.0 to 2.9, with one case
showing no cardiac preference); Fig. 3 shows two examples. We report this as a
qualitative localization check and not as a discriminative test.

4 Discussion

We modeled cardiac normality with three anomaly detectors fit on healthy frames
only. The autoencoder gave the highest normality point estimate and approaches
the fully supervised spatiotemporal classifier (0.87 against 0.93), using no CHD
labels; the three normality intervals overlap, so we claim no winner among them.
The paired difference is not significant and the interval allows a supervised ad-
vantage of up to 0.18 AUC, so we claim no equivalence; more positives are needed
to tell whether the gap is real.

At the same per-frame granularity the supervised classifier reached only 0.60.
Temporal aggregation lifted it to 0.93 but did not help the normality branch.
A single frame may not separate 9 positives from 55 normals, so the supervised
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Table 3. Ablations (patient-level). Sensitivity and specificity at the Youden-optimal
point. No winner is claimed at this n.

Axis Setting Sens Spec AUC

Granularity (normality) per-frame AE 0.89 0.82 0.87
sequence AE 1.00 0.65 0.83
motion-only 1.00 0.64 0.84

Backbone (supervised model) VGG16 1.00 0.87 0.93
ResNet-50 1.00 0.76 0.88
ResNet-18 0.78 0.85 0.87
Inception-V3 1.00 0.58 0.85

Representation (Isolation Forest) VGG16-avg 0.89 0.69 0.81
EchoFM 1.00 0.51 0.64

model needs temporal context, whereas the normality model, fit on roughly
55,000 healthy frames, does not. We treat this asymmetry as suggestive.

This is the practical message of the study. To flag a possible CHD the model
only needs to know what a normal heart looks like, and normal studies are
abundant in any birth facility whereas confirmed CHD is rare; a supervised
detector there would have very few positives to learn from.

Intended clinical role. A single normal/abnormal flag is deliberately coarse.
It does not compete with echocardiographic diagnosis; it targets the referral
decision, which is already binary and which at our site rests on universal pulse
oximetry plus clinical examination. Pulse oximetry reached 75 percent sensitivity
for critical and 49 percent for all major defects in 20,055 newborns [3], and is
blind by construction to lesions that do not desaturate; seven of our nine positives
are ventricular septal defects or patent ductus arteriosus. A neonate with a small
septal defect, normal saturations and no murmur is discharged today without an
echocardiogram; a coarse flag suffices to change that, because the downstream
action is single and already available. We did not measure incremental yield:
our positives were ascertained after an abnormal routine screen, so estimating it
needs a prospective design. A cart-based system was also on site here; a portable
screen is worth more where it is not.

On the age-matched cohort, age alone was near chance (0.58), confirming the
match removed the age confound. The image methods exceed this age prior, and
the occlusion analysis supports a cardiac origin for the anomaly score.

With the anomaly detector held fixed (Isolation Forest), a generic ImageNet
representation outperformed the echo-specific foundation model (0.81 against
0.64), which we attribute to domain mismatch: EchoFM was pretrained on adult,
cart-based, multi-view studies [21].

We used occlusion instead of a gradient saliency map, which sanity checks
have shown to be model-agnostic [25]: occlusion perturbs the actual model and
measures the causal effect on the anomaly score. Still, the residual risk of shortcut
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Fig. 3. Occlusion-based attribution of the normality-only anomaly score for two
confirmed-CHD cases (top: input frame; bottom: overlay). Heat marks regions whose
occlusion most reduces the reconstruction anomaly, which concentrates on the cardiac
region rather than the sector border, consistent with a score driven by cardiac appear-
ance rather than acquisition artifacts.

learning from single-device acquisition [26,27] is real; the occlusion result and the
fixed mask reduce it but do not remove it.

The evaluation protocol is a key strength: all methods share the same patient-
level folds and seed, the sector mask is fixed and class-agnostic to avoid label
leakage, and the supervised baseline is a generous upper bound rather than a
strawman. The limitations follow from the setting. The small positive count (9
CHD) yields wide marginal intervals, so we claim no winner and rely on paired
differences and a leave-one-CHD-out jackknife (AUC 0.850 to 0.898 for the au-
toencoder, 0.925 to 0.939 for the supervised model). Results are single-site, from
a single device version, with acquisition by experienced pediatric cardiologists;
the non-specialist point-of-care use the device is intended for is therefore a design
goal, not a claim demonstrated here. Five of the nine positives are patent ductus
arteriosus or pulmonary atresia, whose direct assessment from the subcostal win-
dow is limited [8], so the model may be responding to secondary chamber-level
consequences rather than to the primary lesion. These are not incidental caveats
but the pediatric-specific challenges any neonatal point-of-care CHD screener
must confront; stating them plainly, and showing what a normality-only model
can still do under them, is part of this paper’s contribution.

Future work will grow the cohort, validate across devices and sites, and ex-
plore video-based normality modeling and prospective studies with non-specialist
operators; cross-version transfer to a second device iteration was exploratory and
inconclusive.



Modeling Cardiac Normality for Neonatal CHD Screening 9

5 Conclusion

We presented a feasibility pilot of modeling cardiac normality for CHD screen-
ing from single-view subcostal video on a portable pediatric ultrasound device.
Training on healthy hearts only, and using no abnormality labels, the approach
reached an AUC of 0.87 and approaches a fully supervised spatiotemporal detec-
tor (0.93); the paired difference is not significant at this sample size, and we claim
no equivalence. At equal per-frame granularity the supervised classifier reached
0.60, and age alone reached 0.58 on the age-matched cohort. At nine positives,
these results are suggestive rather than conclusive. Still, in the label-scarce re-
ality of portable CHD screening, modeling normality is a practical direction,
because it only requires the normal studies that a birth facility already collects.
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