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A Study on Clinical-Context Gated Network for

Precision Diagnosis of Neonatal Respiratory Diseases
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Abstract

In neonatal intensive care units (NICUs), chest radiography (CXR) is a primary tool for diagnosing
respiratory  diseases. Previous deep-learning studies have improved diagnostic performance by simply
concatenating gestational age (GA) and birth weight (BW) with image inputs via early fusion. However,
this strategy suffers from information density imbalance in the high-dimensional image space, where a few
scalar clinical variables are diluted, and it does not explicitly model interactions between image features and
clinical context. In this study, we propose a Clinical-Context Gated Network (CCGN) in which clinical
information dynamically modulates image feature extraction. CCGN generates channel-wise attention weights
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from clinical variables and selectively emphasizes image features that are critical for disease discrimination.
Using a large-scale multicenter dataset of 43,338 neonatal CXRs, the proposed model achieved an Fl-score
of 0.8728 and a macro-area under the receiver operating characteristic curve (Macro-AUROC) of 0.9457,
outperforming both the ResNet50 baseline (Fl-score 0.8368, Macro-AUROC 0.9122) and a previous
carly-fusion model (Fl-score 0.8632, Macro-AUROC 0.9352). CCGN also showed consistently superior
performance compared with recently proposed generic backbones such as ConvNeXt-Tiny and Swin-T.
Notably, CCGN substantially improved the classification performance of transient tachypnea of the newborn
(TTN), which is particularly challenging to diagnose, demonstrating its potential as a clinically useful
decision-support tool in NICU practice.

Keyword : deep learning, neonatal respiratory diseases, multimodal fusion, attention mechanism, medical
image analysis
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Class Distribution in the Dataset (N=43,338)
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[Fig. 1] Class distribution of neonatal respiratory diseases in the multicenter chest radiograph dataset.
Respiratory distress syndrome (RDS) accounts for the largest proportion (36.43%), whereas transient tachypnea of the

newborn (TTN) constitutes 13.81%, indicating a noticeable class imbalance.
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[Table 1] Performance comparison according to fusion strategies and attention mechanisms

Methods Fusion Type Fl1-score Macro-AUROC Params (M)
Baseline (ResNetS0) Image Only 0.8368 0.9122 23.51
ConvNeXt-Tiny Image Only 0.8334 0.9097 28.60
Swin-T Image Only (Transformer) 0.8288 0.9054 29.00
Previous Work [2] Early Fusion (InputConcat) 0.8632 0.9352 23.51
Late Fusion Feature Concat 0.8456 0.9260 23.53
SE-ResNet50 Channel Attention 0.8475 0.9281 26.04
CBAM-ResNet50 Spatial + Channel 0.8502 0.9301 26.06
Proposed (CCGN) Clinical-Context Gating 0.8728 0.9457 23.58
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091222 LtEFSLCEH M3 Early Fusion 7|8F 22 (Previous Work [2])2 Fati 24 HEE Lo
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Baseline CHH| 9 3.6%p, 1A Early Fusion 22 CHH| F 1.0%p2| Fl-score %“é;"ﬂf gHl AUROC &
HOIME e 7HMS HALCE

ConvNeXt-Tiny®?} Swin-T2} Z2 %2 KQtEl vt =X B2 (backbone)=2 O|O|X| 7|HH EFO0f
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[Table 2] Per-class Fl-score comparison between the previous early-fusion model and the proposed CCGN

Class Previous Work (Early Fusion) Proposed (CCGN) Improvement
BPD 0.9219 0.9269 0.51%
ALS 0.9065 0.9045 -0.20%
Atelectasis 0.8656 0.8721 0.64%
Normal 0.8738 0.8852 1.21%
RDS 0.9030 09177 1.49%
TN 0.7084 0.7760 6.76%
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