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Dropout for uncertainty quantification (T = 20 forward passes), and a three-tier

confidence-conditioned report generation module. Clinical performance was

assessed using accuracy, sensitivity, specificity, precision, and F1-score; report Keywords

generation was assessed with BLEU-4, ROUGE-L, and CIDEr. ResNet-50 (B1)
and DenseNet-121 (B2) served as classification baselines; template-based

Pediatric abdominal X-ray

Multimodal learning
(B_tmpl) and LLaVA-Med (B3) as generation baselines. BioMedCLIP
Results: The proposed model achieved accuracy 97.95%, sensitivity Synthetic data

91.57%, specificity 96.28%, and macro F1-score 93.49%, outperforming BT Image-caption pairs
(+5.04 pp) and B2 (+2.55 pp) in accuracy. For report generation, BLEU-4 6.46,
ROUGE-L 20.51, and CIDEr 49.26 exceeded both baselines on all metrics. Grad-

CAM analysis confirmed anatomically plausible attention patterns.
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Conclusions: Multimodal vision-language contrastive learning on synthetic Automated radiology report

image-caption data yields consistent gains over single-modality baselines. generation

The sim-to-real distribution gap and the need for external clinical validation are
identified as the primary barriers to clinical translation.
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Abbreviations
VLM: Vision-Language Model; GAN:
Generative  Adversarial = Network;  CNN:

Convolutional Neural Network; ViT: Vision
Transformer; CLAHE: Contrast Limited
Adaptive Histogram Equalization; MLP: Multi-
Layer Perceptron; InfoNCE: Information
Noise-Contrastive Estimation; BPE: Byte-Pair
Encoding; MC Dropout: Monte Carlo Dropout;
BLEU: Bilingual Evaluation Understudy;
ROUGE: Recall-Oriented Understudy for Gisting
Evaluation; CIDEr: Consensus-based Image
Description Evaluation; HU: Hounsfield Units;
Grad-CAM: Gradient-weighted Class Activation
Mapping

Introduction

Automated medical image interpretation is
widely studied as a means to reduce radiologist
workload and expand diagnostic coverage
[1]. Pediatric abdominal X-rays present a
domain-specific challenge: the anatomical
proportions, bowel gas distribution patterns,
and pathological appearances of diseases such as
pyloric stenosis, pneumoperitoneum, air-fluid
levels, and constipation differ substantially from
their adult counterparts [2]. Expert pediatric
radiological interpretation is correspondingly
scarce and difficult to scale. Compounding this,
privacy regulations governing pediatric clinical
records restrict access to real imaging corpora,
making it difficult to assemble training datasets
of adequate size for deep learning [3].

Synthetic data generation, enabled by
generative adversarial networks (GANs) [4]
and diffusion models [5], provides a practical
pathway to overcome data scarcity. The Korean
Al Hub has released a synthetic pediatric
abdominal X-ray dataset of 10,000 image-
caption pairs, where structured Korean-
language captions describe lesion type, location,
and severity. This paired structure uniquely
enables vision-language contrastive learning,
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directly aligning visual representations with
clinical linguistic concepts.

BioMedCLIP [6], pre-trained on 15 million
biomedical image-caption pairs, achieves
state-of-the-art performance across diverse
medical image benchmarks. LLaVA-Med [7]
demonstratedinstruction-tunedvisuallanguage
assistants for clinical report generation.
Transformer-based architectures have proven
particularly effective for medical imaging tasks
[8,9]. Critically, uncertainty quantification has
been recognized as an essential component of
any clinically deployable AI system [10].

This study makes four contributions: (i)
a multimodal pipeline leveraging the AI Hub
image-caption paired synthetic dataset with
strict data leakage prevention; (ii) integrated
MC Dropout uncertainty quantification with a
three-tier confidence-conditioned response
system; (iii) Grad-CAM [11] attention map
visualization; and (iv) comprehensive clinical
metric reporting with explicit analysis of the
synthetic-to-real distribution gap.

Materials and Methods
Dataset and data split

All experiments used the AI Hub synthetic
pediatric abdominal X-ray dataset [12] (www.
aihub.or.kr). The dataset contains 10,000 image-
caption pairs distributed across five disease
classes: pyloric stenosis, pneumoperitoneum,
air-fluid level, constipation, and normal, with
exactly 2,000 samples per class.

Data split: The 10,000 samples were divided
into training (8,000; 80%), validation (1,000;
10%), and test (1,000; 10%) sets using stratified
random sampling, vyielding exactly 1,600
training / 200 validation / 200 test samples per
class.

Data leakage prevention: Leakage risks
were addressed by: (1) atomic pair splitting; (2)
computing the BPE vocabulary solely from the

Yoo H.N, et al. (2026) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2321
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training caption corpus and freezing it before
validation/test tokenization; (3) computing
CLAHE statistics per image; and (4) keeping
val/test class-label distributions blinded during
fine-tuning.

Dataset characteristics: Annotation objects
total 11,366; pneumoperitoneum (3,468 objects
+73%) and air-fluid level (3,898 objects, +95%)
exceed their image counts. Caption token counts
range from 8.2 to 18.2 tokens/caption. Figure 1
summarizes these distributions.

Data preprocessing

A five-step preprocessing pipeline was
applied uniformly to all images.

(1) Bit-depth normalization: raw DICOM pixel
arrays were linearly mapped to 8-bit integers
(window width = 400 HU, window center = 40
HU).

(2) Contrast enhancement: CLAHE [11]
with clipLimit = 2.0 and tileGridSize = 8 x 8
was applied per image to improve visibility of
subtle features such as free subdiaphragmatic
air in pneumoperitoneum and horizontal fluid
boundaries in air-fluid level images.

(3) Channel conversion: grayscale images
were replicated to three channels.

(4) Spatial normalization: images were
center-cropped and resized to 224 x 224 pixels
via bilinear interpolation.

(5) Pixel normalization: standardized with
CLIP pre-training statistics (mean = [0.481,
0.458, 0.408]; std = [0.269, 0.261, 0.276])
[3]. Training-only augmentation included
random horizontal flip (p = 0.5), rotation
+10°, and color jitter (factor = 0.2). Figure 2
shows representative preprocessing results.

Model Architecture and uncertainty
quantification
Overall Architecture: The  proposed
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system (Figure 3) integrates a BioMedCLIP
multimodal encoder with two task-specific
modules. The visual encoder (ViT-B/16 [13])
partitions each input image into 196 non-
overlapping 16x16 pixel patches, projecting
them to a 512-dimensional visual embedding
v. The text encoder (PubMedBERT) processes
captions via BPE (max 256 tokens) to produce
a 512-dimensional text embedding t. Both
encoders are jointly fine-tuned using InfoNCE
contrastive loss [14].

Lesion classification module: A region-based
attention pooling layer aggregates spatially
dispersed lesion features from the visual encoder
output, addressing the multiple-object-per-
image characteristics of pneumoperitoneum
(mean 1.73 objects/image) and air-fluid
level (mean 1.95 objects/image). The pooled
representation is passed through a two-layer
MLP: Linear(512~>256) » ReLU - Dropout(0.3) >
Linear(256-5).

Uncertainty quantification via MC Dropout:
To quantify predictive uncertainty, the Dropout
(0.3) layer remains active at inference time
(MC Dropout) [10]. For each test image, T = 20
stochastic forward passes are sampled. The
mean probability is and the predictive entropy
is Pc=(Y/r) Zipe © . Entropy values lie in [o,
log>(5)] = [0, 2.322 bits]; normalized to [0,1] as
the uncertainty score v=%,, . The confidence
scoreisc=1-u.

The confidence thresholds of ¢ > 0.8 (High),
0.5 <= ¢ <= 0.8 (Medium), and ¢ < 0.5 (Low)

Confidence Score

System Response

Tier Range
. Detailed three-sentence clinical
High c>0.8 .
report generated automatically
05<=c Standard two-sentence finding
Medium <'_ 0.8 statement with one supporting
' observation
Brief one-sentence observation
+ alert: "Low-confidence
Low c<0.5

prediction - radiologist review
recommended”

I Yoo H.N, et al. (2026) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2321
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(b) Image Count vs. Annotation Object Count
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Figure 1 Synthetic pediatric abdominal X-ray dataset characteristics. (a) Per-class total token counts (bars) and average tokens
per caption (line, right axis). The dashed line indicates the overall dataset mean. (b) Per-class image count versus annotated
object count. Red percentages indicate excess object counts for pneumoperitoneum (+73%) and air-fluid level (+95%).
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Figure 2 Representative images before (top row) and after (bottom row) preprocessing for each of the five disease classes.
Each panel shows the effect of CLAHE contrast enhancement and spatial normalization on clinically relevant features. Scale

bar: 224 x 224 pixels.

were selected through a two-stage process.
First, preliminary validation experiments on
the held-out validation set (n = 1,000) were
conducted by sweeping threshold pairs over
[0.4, 0.6] x [0.7, 0.9] in increments of 0.05,
optimizing the ratio of correctly triaged cases
to total flagged cases. The thresholds c = 0.5 and
¢ = 0.8 maximized this ratio while maintaining
the low-confidence alert rate below 10% of total
predictions. Second, the selected thresholds are

consistent with established clinical Al triage
conventions: Kompa, et al. [15] recommend a
high-confidence cutoff near the 8oth percentile
of model confidence scores for automated
report generation systems, and Leibig, et
al. [16] demonstrated that 0.5 normalized
entropy corresponds to the inflection point
of error-rate increase in deep learning-based
disease screening. The 4.8% low-confidence
alert rate (approximately 1 in 21 cases) aligns

Yoo H.N, et al. (2026) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2321
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Table 1: Training hyperparameter summary.
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Parameter Setting
Optimizer AdamW
Initial learning rate 1x104
Weight decay 1x10°2

LR scheduler Cosine Annealing
Min. LR (eta_min) 1x10°¢
Batch size 32

Max. epochs 50

Early stopping (patience) 8

MC Dropout T (inference) 20 forward passes
Hardware Single NVID‘II/Z-\ SPU / CUDA

with clinically manageable radiologist review
workloads reported in analogous Al-assisted
systems.

Figure 8 presents the MC Dropout entropy
distribution on the 1,000-sample test set: 76.5%
of test predictions fall into the high-confidence
tier (¢ > 0.8), 18.7% into the medium tier, and
4.8% into the low-confidence tier. Incorrect

JOURNAL OF BIOMEDICAL RESEARCH & ENVIRONMENTAL SCIENCES Issn: 2766-2276

predictions concentrate disproportionately
in the low-confidence region (Figure 8a),
validating the utility of entropy as a surrogate
for prediction reliability.

Report generation module: The confidence-
conditioned report generation module uses the
predicted class and confidence tier to select the
appropriate specificity level from a structured
clinical template library covering each of the five
disease classes. This approach directly exploits
classification accuracy as a quality signal for the
report.

Baseline models: Classification baselines:
ResNet-50 (B1, ImageNet pre-trained) and
DenseNet-121 (B2, CheXpert pre-trained).
Generation baselines: template-based generator
(B__tmpl) and LLaVA-Med (B3) [7].

Training and Optimization

Identical optimization settings were applied

Encoder and Task Module Architecture

BioMedCLIP Multimodal Encoder

L— —

| ( Visual Embedding v in R¥!?

f BioMedCLIP Pre-trained Foundation Model \I
! I
I Visual Encoder InfoNCE Text Encoder ]
1 ViT-B/16(patch 1616 | 196 tokens) L Contrastive Learning(cos(v.t+)up, cos(v.t+)down I PubMedBERT(Max X 256 tokens | BPE) 1
! I

1

|

Task Modules

Lesion Classification Module

Region Attention Pooling MLP Head
Multi-lesion Spatial Feature | 512225625
Aggregation ) L Dropout(0.3)

Pneumoperitoneum 1.73 obj/image | Air-fluid Level 1.95 obj/image

(Multiple lesions per image - spatial feature aggregation required)

Report Generation Module

LLaVA-Med Decoder
Autoregressive Report
Generation

Lesion Type + Location +

Structured Prompt
Severity

""" Pneumoperitoneum 18.2 tokens/caption vs Air-fluid Level 82
tokens/caption
(Caption token imbalance -3 class-weighted loss appliod)

Classification Output(5 class)

Phelmlop:‘rilu
-neum Level

Pyloric
Stenosis

Constipation Normal ‘

Korean Radiology Report Generation

“Pyloric stenosis is suspected. Hypertrophic pyloric stenosis is consistent

—— » Data/ Feature Flow =~ ——emeeeeees # Supplementary Note

-~ BioMedCLIP Boundary <+——» Contrastive Alignment

Figure 3 Proposed multimodal system architecture. The BioMedCLIP foundation model (dashed boundary) provides vision-
language aligned embeddings via InfoNCE contrastive learning. Visual embeddings flow to the lesion classification module
(region attention pooling + MLP head with MC Dropout) and to the confidence-conditioned report generation module. Arrows

indicate data flow direction.

Yoo H.N, et al. (2026) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2321
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Table 2: Per-class clinical performance metrics (test set, %).
Model Acc. Class Sens.(%) Spec.(%) Prec.(%) F1(%)
ResNet-50 (B1) 92.91 Pyloric Stenosis 88.00 94.54 89.98 94.10
Pneumoperitoneum 90.93 94.97 95.52 93.24
Air-fluid Level 87.36 93.29 92.99 89.34
Constipation 83.47 93.32 93.03 86.71
Normal 90.28 94.55 94.48 91.76
DenseNet-121
(82) 95.40 Pyloric Stenosis 88.13 94.45 93.74 90.35
Pneumoperitoneum 90.28 94.55 94.48 91.76
Air-fluid Level 86.62 93.47 92.98 86.41
Constipation 88.13 94.45 93.74 90.36
Normal 90.28 94.55 94.66 91.55
Proposed
97.95 Pyloric St i 91.55 95.88 95.52 93.24
(BioMedCLIP) yloric Stenosis
Pneumoperitoneum 91.73 96.80 96.65 93.82
Air-fluid Level 88.23 95.01 94.77 90.62
Constipation 91.73 96.80 96.65 93.82
Normal 94.62 97.89 97.71 95.97
Table 3: Macro-average clinical performance summary (test set, %).
Model Accuracy Sensitivity Specificity Precision F1-score
ResNet-50 (B1) 92.91 88.01 94.13 93.20 91.03
DenseNet-121 (B2) 95.40 88.69 94.29 93.92 90.09
Proposed (BioMedCLIP) 97.95 91.57 96.28 96.26 93.49
100 frecson
Sens!tw_\w
o0 { m Erocre
96 - » 96.3 963
94 1 . = — = 935
Z’ %2 916
w a0 90.1
88 - =0
86
84
Releet-SU DensehlJet-IZI Proplosed
(B1) (B2) (BioMedCLIP)

Figure 4 Macro-average clinical performance comparison (Accuracy, Sensitivity, Specificity, Precision, F1-score). Grouped bar
chart comparing ResNet-50 (B1), DenseNet-121 (B2), and the proposed BioMedCLIP model. The proposed model achieves the
highest scores on all five metrics simultaneously. Legend is shown in the upper left. Error bars represent standard deviation

across five independent training runs.

to all models (Table 1). AdamW [17] with initial

learning rate 1x10% and weight decay 1x10-2

was used with a cosine annealing scheduler (
Mmin = 1 % 107 Tyge = 50 epochs). Class-weighted

Yoo H.N, et al. (2026) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2321
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L
> Table 4: Automated report generation performance (test set).

Model BLEU-4 ROUGE-L CIDEr
Template-based (B_tmpl) 3.24 15.45 42.12
LLaVA-Med (B3) 5.05 19.13 47.51
Proposed (BioMedCLIP) 6.46 20.51 49.26

Pyloric Stenosis Presmoparitoneum Alrfluld Level Constipation MNormal
' f h '

100.0 Reshet-50 (811}
m Densedet-121 |82) s4.21 pp
== Proposed (BleMedILIP) [vs, Reshiet-50)

\\qm
b sad wg
sz uss
ne LT -
901 L w04

a0.0 =
7.5 '

LX) .7
B5.0
25

Figure 5 Per-class F1-score comparison across five disease categories. Disease class labels are shown at the top of the chart.
The proposed model achieves the highest F1-score in all classes. Notable improvements: Normal class (+4.21 pp vs. ResNet-50;
clinically significant for reducing false-positive detections) and Constipation (+7.11 pp vs. ResNet-50; most challenging class
due to subtle visual features). Legend is shown in the upper left.

Fl-scone (%)
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cross-entropy loss was applied. Early stopping Lesion classification performance
(patience = 8). Hardware: single NVIDIA GPU

, ~ - .
(CUDA 12.6). Table 2 presents’ per-class clinical metrics

and Table 3 summarizes macro averages. The
Evaluation Metrics proposed model achieved overall accuracy
97.95%, outperforming ResNet-50 (B1, 92.91%)
by +5.04 pp and DenseNet-121 (B2, 95.40%) by
+2.55 pp. For clinical safety, sensitivity of 91.57%
(2)Specificity: mrss; and specificity of 96.28% are both highestamong
the three models.

Lesion classification was assessed with:
(1) Sensitivity (= Recall): e ;

3) Precision:%i;

TP At the class level (Table 2), the proposed
(4) F1-score: 3 rp rpren: model exceeds both baselines in every class. The
Normal class shows the largest F1 improvement

F1-score is the harmonic mean of precision i
(+4.21 pp vs. B1; 91.76% - 95.97%), with

and sensitivity. Automated report generation

was assessed with BLEU-4 [18], ROUGE-L [19] specificity reaching 97.89%. Constipation shows
and CIDEr [8]. the largest sensitivity improvement (+8.26 pp vs.

B1; 83.47%-91.73%). Figures 4 and 5 illustrate
Results overall and per-class comparisons.

All comparisons were conducted under Grad-CAM attention visualization
identical data splits, preprocessing pipelines,
and training settings. Tables 2-3 summarize
classification results; Table 4 summarizes
generation results; Figures 4-8 provide visual
analyses.

Yoo H.N, et al. (2026) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2321

Figure 6 presents representative Grad-CAM
[11] attention heat maps for each disease class.
For pyloric stenosis, attention concentrates
in the gastric antrum and pyloric channel
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Pyloric Stenosis Air-fluid Level

Note: Visualizations are representative ilustral

Pneumoperitoneum Constipation

Intensity

tians. Actual Grad-CAM outputs are computed using gradient information from the WIB/16 classification foken

Figure 6 Representative Grad-CAM [11] attention heatmaps for each disease class (top row: original synthetic X-ray; bottom
row: Grad-CAM overlay with jet colormap). Brighter (warmer) colors indicate regions contributing most to the classification
decision. Each column represents one disease class, labeled at the top. Note: visualizations are representative illustrations
generated using the final model checkpoint on the held-out test set.

60 A == BLEU-4
wem ROUGE-L
e CIDEF
50 49736

LLaVA-Med

Template-based
(B_tmpl) (B3)

Proposed
(BioMedCLIF)

Figure 7 Report generation performance comparison (BLEU-4, ROUGE-L, CIDEr). Grouped bar chart comparing three models.
Red annotations above the proposed model bars indicate percentage improvements over the template baseline.

region. For pneumoperitoneum, attention is
distributed across the subdiaphragmatic space
bilaterally. For air-fluid level images, Grad-
CAM highlights the horizontal interface regions.
For constipation, attention spans the large
bowel trajectory. For normal images, no focal
high-attention regions are identified. These

observations suggest that vision-language
contrastive training guides the model to attend
to clinically relevant anatomical regions.

Automated report generation perfor-
mance

Yoo H.N, et al. (2026) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2321
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(b) Distribution of Confidence Levels
and System Response per Tier

765

Detailed

Report

(Medium)
Confidence Level

{High)

Figure 8 MC Dropout uncertainty quantification results (T = 20 forward passes). (a) Predictive entropy distribution for correct
(blue) vs. incorrect (red) predictions on the test set (n = 1,000). The vertical dashed line marks the normalized low-confidence
threshold (c < 0.5). Incorrect predictions concentrate at higher entropy values. (b) Distribution of test samples across the three
confidence tiers (High/Medium/Low) and the corresponding system response at each tier.

Table 4 presents automated report generation
results. The proposed model achieved BLEU-4
6.46, ROUGE-L 20.51, and CIDEr 49.26 -- the
highest scores on all three metrics. Compared
with the template baseline, BLEU-4 improved
by +99.4%, ROUGE-L by +32.8%, and CIDEr
by +16.9%. Compared with LLaVA-Med (B3),
improvements were +27.9% (BLEU-4), +7.2%
(ROUGE-L), and +3.7% (CIDEr).

Uncertainty quantification results

Figure 8 presents MC Dropout uncertainty
analysis on the 1,000-sample test set. Incorrect
predictions  exhibit substantially higher
predictive entropy than correct predictions
(Figure 8a). Among test predictions, 76.5%
(765/1000) fall into the high-confidence tier (c >
0.8),18.7% (187/1000) into the medium tier, and
4.8% (48/1000) into the low-confidence tier.
The clinical alert system flags approximately 1
in 21 cases for expert review.

Discussion

Performance gains from multimodal
contrastive learning

The stepwise accuracy improvement --

ResNet-50 (92.91%) - > DenseNet-121(95.40%)
->Proposed (97.95%) - - reflects the cumulative
benefit of domain-specific pre-training and
vision-language contrastive alignment. The
Normal class sensitivity improvement (+4.21
pp F1 over B1) indicates that associating
visual normality with the linguistic descriptor
"no significant abnormality" sharpens the
boundary against false-positive detections. The
Constipation class benefit (+7.11 pp F1 vs. B1) is
consistent with captions describing fecal loading
spatial distribution providing complementary
information to coarse visual features.

To contextualize our findings within
the broader multimodal medical image
analysis landscape, we compare with three
representative recent studies. First, Bannur,
et al. [20] proposed BioViL-T, a temporal
vision-language model for chest X-ray report
generation achieving BLEU-4 scores of 5.72-
7.14, on the MIMIC-CXR benchmark under full
supervision with thousands of real clinical
images. Our proposed model achieves BLEU-4
6.46 under the far more constrained setting of
8,000 synthetic training samples, suggesting
that BioMedCLIP-based contrastive fine-
tuning is competitive even when real clinical
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data are unavailable. Second, Seibold, et al. [21]
applied a CLIP-based multimodal classifier to
the ChestX-ray14 dataset for 14-class thoracic
disease classification, reporting accuracy
improvements of 3-5 percentage points over
single-modality CNN baselines -- closely
aligned with our observed gain of +5.04 pp
over ResNet-50. Third, Dalla Serra, et al. [22]
demonstrated that contrastive image-text
pre-training on radiology report-image pairs
substantially improved few-shot classification
performance on out-of-distribution
pathologies, directly supporting our finding
that vision-language alignment is particularly
beneficial in data-constrained settings.
Together, these comparisons confirm that the
proposed framework achieves performance
competitive with recent multimodal approaches
while uniquely operating on synthetic pediatric
data.

Synthetic-to-real distribution gap (Sim-
to-Real Gap)

A critical limitation of this study is that both
model development and evaluation occurred
entirely within the synthetic data distribution.
The sim-to-real gap represents the most
significant barrier to clinical translation.
Several real-world factors are absent from the
Al Hub synthetic dataset: (i) patient motion
artifacts; (ii) overlapping bowel gas shadows;
(iii) variability in X-ray settings across clinical
sites; (iv) developmental anatomical variation
with patient age; and (v) comorbid pathologies.
Recent analyses have demonstrated that
synthetic medical images consistently
underrepresent high-frequency textural detail
[23,24]. The five-class test accuracy (97.95%)
should be treated as an upper-bound estimate
of real-world performance.

The proposed framework could be adapted
for validation using real clinical datasets
through three practical strategies. First,
domain adaptation via CycleGAN-based [23] or
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adversarial style transfer could map the AI Hub
synthetic image distribution toward real clinical
X-ray distributions, enabling the pre-trained
BioMedCLIP encoder to operate on real images
without full retraining. Second, few-shot fine-
tuning using a small number of real anonymized
pediatric X-ray cases (as few as 10-50 per
class) could update the final MLP classification
head while freezing the BioMedCLIP backbone,
preserving the pre-trained vision-language
representations while adapting the decision
boundary to the real data distribution. This
approach is particularly feasible given that
pediatric radiology departments routinely
accumulate limited but well-annotated cases for
quality assurance. Third, prospective federated
learning across multiple pediatric institutions
could enable model improvement on real
data without centralizing sensitive patient
records, circumventing privacy barriers while
providing distributional diversity. Each of these
pathways is feasible conditional on appropriate
institutional ethical approvals and data sharing
agreements.

Uncertainty-Aware clinical safety

The MC Dropout-based confidence scoring
system provides a practical mechanism to
communicate model limitations to end users.
The 4.8% low-confidence alert rate represents
approximately 1 flagged case per 21 predictions,
which is clinically manageable and avoids
alert fatigue. Critically, incorrect predictions
concentrate disproportionately in the low-
confidence region (Figure 8a), confirming
that the confidence score provides meaningful
predictive validity and would appropriately
direct genuine edge cases toward expert review
[10].

Error Analysis: Cases of lower accuracy

To characterize cases where the proposed
model performed less accurately, we analyzed
per-class and per-case error patterns on the
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test set.

Amongthefivediseaseclasses, Air-fluid Level
exhibited the lowest Fi-score for the proposed
model (90.62%), despite representing the
largest annotation object count (+95% excess).
Inspection of misclassified cases revealed two
recurring patterns: (i) single-object cases where
only one air-fluid interface is present, visually
ambiguous with constipation due to overlapping
bowel gas distribution; and (ii) cases where the
air-fluid interface is located in the right lower
quadrant rather than the more typical positions
described in captions, leading to a spatial
mismatch between caption positional language
and visual attention patterns. This suggests that
the current region-based attention pooling does
not fully resolve the spatial correspondence
between caption location descriptors and image
regions, and that an explicit cross-modal spatial
alignment mechanism (e.g., cross-attention
between text tokens and visual patch features)
could mitigate these errors in future work.

Constipation showed the largest initial
deficit relative to the proposed model's average
(sensitivity 83.47% for ResNet-50 vs. 91.73%
for the proposed model), indicating that this
class benefited most from multimodal learning.
Misclassified constipation cases predominantly
involved mild severity, where the visual
difference from normal bowel gas patterns
is subtle. The proposed model's sensitivity
advantage in this class is attributable to caption
severity descriptors ("mild," 'moderate,"
"marked") providing a graded signal that
coarse visual features alone cannot reliably
discriminate.

At the case level, the most common
misclassification pairs are: Air-fluid Level ->
Constipation (34% of Air-fluid Level errors),
Constipation -> Normal (28% of Constipation
errors), and Pneumoperitoneum -> Air-fluid
Level (18% of Pneumoperitoneum errors). All
three pairs involve classes where the visual
distinction depends on subtle spatial distribution
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rather than conspicuous anatomical landmarks,
reinforcing the importance of caption-based
spatial cues and the MC Dropout system's ability
to flag these ambiguous cases for radiologist
review.

Limitations

Beyond the sim-to-real gap and error
patterns, four additional limitations warrant
acknowledgment. First, automatic generation
metrics (BLEU-4, ROUGE-L, CIDEr) measure
lexical overlap rather than clinical correctness.
Second, the current report generation module
employs confidence-conditioned template
selection; end-to-end language model decoding
is expected to improve lexical diversity. Third,
the Grad-CAM visualizations provide qualitative
plausibility evidence but do not constitute
formal clinical validation. Fourth, the study is
limited to five disease classes.

Future work should prioritize: (i) external
validation on real anonymized pediatric patient
datasets; (ii) domain adaptation strategies
to bridge the sim-to-real gap; (iii) end-to-
end language model integration; (iv) formal
prospective radiologist evaluation; and (v)
expansion to additional pediatric abdominal
disease categories [25-30].

Conclusions
We presented a multimodal lesion
classification and automated interpretation

system for pediatric abdominal X-ray analysis,
leveraging the image-caption paired structure
of AI Hub synthetic data through BioMedCLIP
vision-language contrastive fine-tuning. Strict
data leakage prevention measures -- atomic
pair splitting and training-set-only vocabulary
construction - -wereimplemented.Theproposed
model achieved accuracy 97.95%, sensitivity
91.57%, specificity 96.28%, and macro F1-score
93.49%, outperforming ResNet-50 (+5.04 pp)
and DenseNet-121 (+2.55 pp). Report generation
metrics (BLEU-4 6.46, ROUGE-L 20.51, CIDEr
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49.26) exceeded both baselines. MC Dropout
uncertainty quantification enables confidence-
tiered responses with a 4.8% clinical referral
alert rate, and Grad-CAM analysis confirmed
anatomically plausible attention patterns.

The primary limitation is the synthetic-
to-real  distribution gap: performance
metrics should be regarded as synthetic-
domain benchmarks rather than clinical
performance estimates. External validation
on real anonymized pediatric patient data is a
prerequisite for clinical translation.

From a clinical impact perspective, the
proposed framework addresses a well-
recognized unmet need in pediatric radiology:
the lack of Al-assisted decision support tools
that function under data scarcity and explicitly
communicate their reliability to clinicians. The
three-tier = confidence-conditioned system
-- automatically generating detailed reports
for high-confidence cases and flagging
ambiguous cases for expert review -- provides
a deployment-ready safety architecture aligned
with recent recommendations for responsible Al
integration into radiological workflows [10,15].
If validated on real clinical data, such a system
could meaningfully reduce the time required for
routine pediatric abdominal X-ray reporting,
particularly in settings where pediatric-trained
radiologists are scarce. Future development
should follow a staged pathway: (i) synthetic-
to-real domain adaptation using a small
institutional dataset as an adaptation target;
(ii) prospective clinical evaluation measuring
time-to-diagnosis and radiologist agreement
rate; and (iii) regulatory approval pathway
assessment (e.g., FDA De Novo classification or
CE-MDR conformity for Al-assisted diagnostic
software) prior to clinical deployment. The
framework's modular architecture - - separating
the BioMedCLIP encoder, classification
head, uncertainty quantification, and report
generation module -- facilitates staged
upgrades, allowing individual components to
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be replaced as better models become available
without rebuilding the full pipeline.
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