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Abstract

Background: Gestational diabetes mellitus (GDM) elevates the risk of neonatal respiratory distress syndrome (NRDS), highlighting
the need for robust predictive tools. Current assessments of fetal lung maturity assessments are invasive, creating a clinical demand for
non-invasive alternatives. This study presents a dual-parameter framework that combines artificial intelligence (AI)-derived fetal lung
texture signatures with uterine artery pulsatility index (PI) to predict NRDS risk in GDM pregnancies. Methods: A prospective cohort
of 50 patients with GDM patients was enrolled. Standardized four-chamber view ultrasound images were processed using a TensorFlow-
based framework to extract 342 gray-level co-occurrence matrix (GLCM) texture features from the fetal lungs. A support vector machine
(SVM) classifier was then employed for NRDS risk stratification. Concurrently, uterine artery PI was measured transvaginally following
International Society of Ultrasound in Obstetrics and Gynecology (ISUOG) guidelines. The predictive performance of the AI model,
uterine artery PI, and their combination was evaluated for predicting NRDS. Results: The uterine artery PI was significantly elevated in
the NRDS group (n = 22) compared with controls (n = 28) (median 1.52 [interquartile range, IQR: 1.35–1.70] vs. 1.16 [IQR: 0.95–1.30];
p < 0.001). The standalone AI-based pulmonary texture analysis achieved 86.4% sensitivity and 78.6% specificity for NRDS predic-
tion, with substantial agreement with clinical diagnosis (κ = 0.67). The synergistic integration of an AI-based high-risk classification
with a uterine artery PI ≥1.28 yielded superior predictive performance, attaining 92.0% overall accuracy (46/50). Decision curve anal-
ysis confirmed that the combined model provided a superior net benefit across clinically relevant threshold probabilities (10%–50%).
Conclusions: The integration of AI-quantified fetal lung texture analysis with uterine artery Doppler hemodynamics provides a refined,
non-invasive tool for NRDS risk stratification in pregnancies complicated by GDM. This dual-pathway framework effectively captures
the interplay between placental vascular insufficiency and pulmonary immaturity, offering high diagnostic accuracy and clinical utility
to guide perinatal management decisions.

Keywords: gestational diabetes mellitus; neonatal respiratory distress syndrome; artificial intelligence; ultrasonographic texture analy-
sis; uterine artery pulsatility index

1. Introduction

Gestational diabetes mellitus (GDM) is a critical ges-
tational metabolic disorder with a growing global preva-
lence. It imposes a dual burden due to its association
with maternal complications such as preeclampsia and ce-
sarean, as well as adverse neonatal outcomes [1] such as
macrosomia, hypoglycemia, and neonatal respiratory dis-
tress syndrome (NRDS). The latter warrants particular at-
tention given its pathogenesis rooted in pulmonary surfac-
tant deficiency, which precipitates alveolar collapse and
impaired ventilation. Crucially, emerging evidence indi-
cates that maternal hyperglycemia simultaneously drives
placental vascular dysfunction (elevated uterine artery pul-
satility index (PI)) and impairs fetal surfactant synthesis
[2,3]. This dual-pathway etiology justifies our integrated
hemodynamic-pulmonary framework and explains the sus-
tained elevation of NRDS risk even at term gestations.

This mechanistic duality underscores the imperative for ad-
vanced predictive strategies capable of identifying high-risk
pregnancies early in the clinical course.

Although amniotic fluid phospholipid analysis has
historically been considered the gold standard for diag-
nosing fetal lung maturity (FLM) [4], its invasive na-
ture and associated complications, such as infection [5],
preterm rupture of membranes, and fetal loss, limit rou-
tine clinical implementation [6]. Consequently, ultrasonog-
raphy has emerged as a pivotal noninvasive alternative
[7], with recent advances in artificial intelligence (AI)
demonstrating remarkable potential for quantifying subtle
parenchymal textures indicative of surfactant distribution
[8]. TheseAI-driven approaches, exemplified by gray-level
co-occurrence matrix (GLCM) feature extraction, enable
objective characterization of microstructural patterns be-
yond human visual perception [9]. Nevertheless, current AI
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models predominantly focus on isolated pulmonary param-
eters, overlooking the integral role of uteroplacental hemo-
dynamics in fetal lung development, a critical gap given
the established correlation between GDM-induced placen-
tal vascular dysfunction and adverse respiratory outcomes.

Uterine artery PI serves as a robust hemodynamic
marker of placental vascular resistance, frequently ele-
vated in GDM cohorts due to endothelial dysfunction [10]
and impaired trophoblastic invasion. Elevated PI values
correlate significantly with fetal hypoxia and growth per-
turbations [11], yet their standalone predictive value for
NRDS remains suboptimal. This limitation may stem from
the complex, multifactorial nature of NRDS pathogenesis,
wherein pulmonary maturational delays and placental in-
sufficiency likely operate synergistically [12]. Thus, inte-
grating quantifiable AI-based pulmonary texture signatures
with dynamic uteroplacental flow parameters offers a novel
systems-biology approach to risk stratification, potentially
transcending the diagnostic ceiling [13] of unimodal assess-
ments.

Our study pioneers this integrative methodology by
developing a dual-parameter predictive framework that
synthesizes TensorFlow-processed fetal lung texture anal-
ysis with transvaginally acquired uterine artery PI metrics
[14]. This approach addresses the technical limitations of
existing FLM evaluation tools. Furthermore, it establishes
a physiological basis for understanding the interplay be-
tween metabolic dysregulation, vascular compromise, and
pulmonary immaturity in GDM. Through this investigation,
we establish a comprehensive evidence base for optimizing
perinatal decision-making [15]—balancing the imperative
for timely intervention against the risks of iatrogenic harm
in this vulnerable population.

2. Materials and Methods
2.1 Study Population

Approved by the Institutional Ethics Committee of
Wuxi People’s Hospital Affiliated to Nanjing Medical Uni-
versity (Approval No. 2021-1624011), this prospective co-
hort enrolled 50 GDM patients between February 2021 and
January 2023. Participants met diagnostic criteria per the
2022 Guidelines for Diagnosis and Management of Hyper-
glycemia in Pregnancy [16], with gestational ages of 28+0

to 38+6 weeks scheduled for elective delivery. Inclusion
criteria comprised: (1) completion of AI-based FLM as-
sessment and uterine artery Doppler within 48 hours be-
fore delivery; (2) written informed consent. Exclusion cri-
teria included: (1) suboptimal ultrasound image quality; (2)
concurrent preeclampsia, fetal anomalies, or major compli-
cations; (3) requirement for emergency cesarean delivery;
(4) incomplete glucose monitoring records. After applying
these criteria, all 50 initially enrolled patients were included
in the final analytical cohort, which consisted of 22 NRDS
cases and 28 controls. The cohort (age range: 24–38 years;
mean gestational age: 35.2 ± 2.1 weeks) showed 44.0%

proportion of NRDS cases (22/50). Glycemic control clas-
sification adhered to the 2022 American Diabetes Associ-
ation guidelines [17], defining optimal control as fasting
glucose <5.3 mmol/L combined with 1-hour postprandial
glucose <7.8 mmol/L, while suboptimal control encom-
passed either fasting glucose ≥5.3 mmol/L, 1-hour post-
prandial glucose ≥7.8 mmol/L, or requirement for insulin
therapy. Among all 50 participants, 18 (36.0%) had sub-
optimal glycemic control and 32 (64.0%) had optimal con-
trol. The suboptimal glycemic group had 13 NRDS cases
(72.2%, 13/18) vs. 9 cases in the optimal group (28.1%,
9/32), accompanied by elevated PI values (median 1.61
vs. 1.21, p < 0.001), confirming a 2.57-fold increased
NRDS risk and hyperglycemia as the primary driver of the
metabolic-vascular-pulmonary cascade. The study adhered
to the Declaration of Helsinki.

The detailed baseline clinical and biochemical charac-
teristics of the study cohort are provided in Supplementary
Material 1.

2.2 Integrated Imaging-Analytical Pipeline
2.2.1 Standardized Image Acquisition

Two ISUOG-certified sonographers performed
blinded examinations with strict masking of glycemic
status and neonatal outcomes, using a Toshiba Aplio500
system with a convex probe (C251, 2–5 MHz). Specif-
ically, sonographers were blinded to maternal glycemic
control classification (optimal/suboptimal) and subsequent
NRDS diagnosis during all image acquisition and PI
measurements. Patients were positioned supine, with
standardized four-chamber views ensuring complete bilat-
eral lung fields within rib boundaries. Image acquisition
disabled smoothing, frame correlation, and adaptive gain
functions while activating tissue harmonic imaging (THI)
to minimize artifacts. Three consecutive cardiac cycle
cine-loops were stored in uncompressed DICOM format.

Quality control mandated: (1) image validation by
two associate professors excluding studies with >50.0%
rib shadowing or motion artifacts; (2) interoperator reliabil-
ity verification (Intraclass Correlation Coefficient [ICC] =
0.85, 95% Confidence Interval [CI]: 0.79–0.91), with third
measurements triggered for >15.0% variability.

2.2.2 AI-Based Feature Extraction and Classification
Qualified images were processed using TensorFlow

2.15 LTS (Google LLC, Mountain View, CA, USA) with
CUDA 11.8 (NVIDIA Corp., Santa Clara, CA, USA) accel-
eration. The framework was migrated from an initial Ten-
sorFlow 2.10 implementation with validated output con-
sistency (mean absolute error <1 × 10⁻6). Version mi-
gration ensured long-term support stability without alter-
ing model architecture or hyperparameters. All custom lay-
ers (e.g., GLCM feature extractor) were preserved through
tf.compat.v1 API wrappers. The model implemented a U-
Net convolutional neural network architecture [18] for fe-
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tal lung field segmentation, utilizing encoder-decoder lay-
ers with skip connections to achieve high-precision local-
ization, and demonstrated a segmentation error rate of less
than 3.0%. Following segmentation, the lung fields un-
derwent spatial resampling to a standardized resolution of
0.5 mm per pixel, ensuring consistent anatomical bound-
aries for subsequent feature extraction. GLCM analysis
was then applied to extract 342 texture features from the
segmented regions, capturing spatial relationships in pixel
intensities. To address the risk of false positives inherent
in testing such a large number of features, we performed
Benjamini-Hochberg (BH) correction to control the False
Discovery Rate (FDR) at α = 0.050. This initial step iden-
tified features showing preliminary evidence of associa-
tion with NRDS. For the subsequent NRDS risk classifica-
tion, a support vector machine (SVM) classifier was em-
ployed, utilizing a radial basis function (RBF) kernel to
transform the feature space and generate binary risk reports
(high or low). Model validation employed a rigorous 10-
fold stratified cross-validation protocol to ensure robust-
ness, and prevent data leakage. Critically, to avoid opti-
mistically biased performance estimates, all feature selec-
tion steps, including Benjamini-Hochberg correction and
LASSO regression, were performed independently within
each training fold of the cross-validation. The LASSO re-
gression [19] with a regularization parameter α = 0.010
was applied anew to the training data of each fold, which
reduced the feature set to 25 robust predictors specific to
that fold. The final model for that fold was then trained
using these selected features and evaluated exclusively on
the held-out test fold. This process ensured that the test
data in any fold was never used to inform the feature se-
lection. Feature dimensionality was thereby effectively re-
duced, achieving a 2:1 sample-to-feature ratio (50 samples:
25 features) to mitigate overfitting. Hyperparameter op-
timization for the SVM was implemented via exhaustive
grid search, evaluating combinations of the regularization
parameter C (values: 0.1, 1, 10) and the RBF kernel coef-
ficient γ (values: 0.001, 0.01, 0.1). Representative exam-
ples of AI-processed fetal four-chamber view images, de-
picting high-risk (Fig. 1A) and low-risk (Fig. 1B) classifi-
cations based on pulmonary texture signatures, illustrate the
model’s visual interpretability for clinical translation.

2.3 Uterine Artery Hemodynamics
Transvaginal measurements (PLT-705BT probe, 5–9

MHz) acquired uterine artery spectra at the cervical internal
os level. Pulse Doppler settings maintained a 2-mm sam-
ple volume and ≤30° insonation angle. Mean bilateral PI
values were calculated from three consecutive waveforms
per the International Society of Ultrasound inObstetrics and
Gynecology (ISUOG) standards. All PI values underwent
blinded dual-analyst verification with daily device calibra-
tion.

2.4 Statistical Analysis

The sample size was calculated a priori using GPower
3.1 software (version 3.1.9.7; Heinrich Heine Univer-
sity Düsseldorf, Düsseldorf, Germany) based on expected
group differences in uterine artery PI. Assuming a Cohen’s
d effect size of 0.8 (derived from prior GDM studies re-
porting median PI differences ≥0.35 SD units), with α =
0.050 (two-tailed) and β = 0.200 (80.0% power), the Mann-
Whitney U test required 26 participants (13 per group).
However, a larger sample size is recommended for the sta-
ble training of machine learning models, particularly given
the high-dimensional nature of our feature set (342 ini-
tial features). Therefore, we prospectively enrolled 50 pa-
tients. Continuous variables violating normality (Shapiro-
Wilk test p < 0.050) were expressed as median (IQR) and
analyzed via Mann-Whitney U test. Effect sizes (r = Z/

√
N)

were interpreted per Cohen’s criteria: r<0.30 (weak), 0.30
≤ r < 0.50 (moderate), r ≥0.5 (strong). Categorical vari-
ables underwent Fisher’s exact test. The diagnosis of NRDS
was retrospectively established by a blinded neonatal spe-
cialist, strictly adhering to standard clinical, radiological,
and laboratory criteria. NRDS was defined by the presence
of clinical signs of respiratory distress, including tachyp-
nea (respiratory rate >70/min), nasal flaring, intercostal or
subcostal retractions, and grunting; concurrent with an in-
creased oxygen requirement (FiO2 >30% to maintain oxy-
gen saturation >90% and/or need for non-invasive or in-
vasive mechanical ventilation); and supported by radio-
logical evidence on chest X-ray (e.g., reticulogranular pat-
terns, air bronchograms, reduced lung volumes) or lung ul-
trasound findings. Additionally, hypoxemia (PaO2 <60
mmHg) and/or hypercarbia (PaCO2 >50 mmHg) with nor-
mal lactic acid levels (excluding metabolic acidosis) were
required. Any neonate receiving exogenous surfactant ther-
apy was classified into the NRDS group. Notably, NRDS is
a postnatal diagnosis and was not based on Apgar scores or
umbilical cord blood gas analysis, which reflect intrauter-
ine condition. κ assessed AI-clinical diagnosis concordance
(Landis-Koch criteria). Decision curve analysis (DCA)
computed net benefit (NB) across threshold probabilities
(Pt = 10.0%–50.0%) using: NB = TP/N - (FP/N) × [Pt/(1
- Pt)], where N = 50 (full cohort size), and true positives
(TP) represented AI-high-risk NRDS cases. McNemar tests
compared diagnostic accuracies, with continuity correction
for expected frequencies <5. Analyses used SPSS 26.0
(IBM Corp., Armonk, NY, USA), R 4.3.1 (R Foundation
for Statistical Computing, Vienna, Austria) (mda package),
and TensorFlow 2.15 LTS. Statistical significance threshold
was α = 0.050 (two-tailed).

Diagnostic performance metrics including sensitivity,
specificity, and κ were calculated using contingency tables
derived from 10-fold cross-validation. It is important to
note the distinct purposes of the statistical corrections ap-
plied. The Benjamini-Hochberg procedure was employed
during the initial, high-dimensional feature screening phase
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Fig. 1. Representative ultrasound images with AI-based NRDS risk stratification. (A) Fetal ultrasound at 37+2 weeks gestation
assessed as high risk (42.0% risk value). (B) Fetal ultrasound at 35+6 weeks gestation assessed as low risk (12.0% risk value).

(as described in Section 2.2.2) to control the false discov-
ery rate when evaluating 342 individual GLCM features.
In contrast, the subsequent hypothesis tests (e.g., Mann-
Whitney U tests for group comparisons) and model perfor-
mance evaluations were conducted on a consolidated set of
variables (the final model output or established clinical pa-
rameters). These latter analyses do not involve the same
multiplicity issue as the initial feature screening, and there-
fore report uncorrected p-values to avoid excessive reduc-
tion in statistical power for these confirmatory tests. For
the key primary outcome (comparison of uterine artery PI
between NRDS and control groups), a post-hoc Bonferroni
correction was also applied to confirm the robustness of the
finding, given its central role in our hypothesis. Analyses
used SPSS 26.0, R 4.3.1, and TensorFlow 2.15 LTS with
CUDA 11.8 acceleration.

3. Results
3.1 Cohort Profiling and Glycemic Determinants

Following a comprehensive retrospective review of
neonatal medical records applying the strict clinical, radi-
ological, and laboratory criteria for NRDS (as defined in
Methods), we confirmed the final cohort stratification of
22 NRDS cases and 28 controls. Consequently, the cohort
stratification (22 NRDS cases vs. 28 controls) remained
identical to the initial analysis.

The study cohort comprised 50 GDM patients with
mean maternal age 28.6 ± 3.4 years and mean gestational
age 35.2 ± 2.1 weeks. As detailed in Table 1, glucose
records for 4 controls were completed via multiple impu-
tation, enabling full cohort analysis (n = 50). NRDS was
diagnosed in 44.0% (22/50) of neonates, revealing a strik-
ing dichotomy in outcomes stratified by glycemic control.
The cohort comprised 18 patients (36.0%) with subopti-
mal glycemic control and 32 (64.0%) with optimal con-
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Table 1. Baseline characteristics of the study cohort stratified by neonatal respiratory distress syndrome (NRDS) status.
Characteristics Total (n = 50) NRDS Group (n = 22) Control Group (n = 28) p-value

Maternal age (years) 28.6 ± 3.4 28.9 ± 3.1 28.3 ± 3.6 0.512
Gestational age (weeks) 35.2 ± 2.1 34.8 ± 2.3 35.5 ± 1.9 0.226
Glycemic control, n (%) 0.004

Optimal (FPG <5.3 mmol/L and 1 h
postprandial glucose <7.8 mmol/L)

32 (64.0%) 9 (40.9%) 23 (82.1%)

Suboptimal 18 (36.0%) 13 (59.1%) 5 (17.9%)
Delivery mode, n (%) 0.569

Vaginal 21 (42.0%) 8 (36.4%) 13 (46.4%)
Cesarean 29 (58.0%) 14 (63.6%) 15 (53.6%)

Uterine artery PI 1.32 [1.08–1.58] 1.52 [1.35–1.70] 1.16 [0.95–1.30] <0.001

Notes: Data presented as mean± SD or n (%). FPG, fasting plasma glucose; PI, pulsatility index; SD, standard deviation. Optimal
glycemic control defined as FPG <5.3 mmol/L and 1 h postprandial glucose <7.8 mmol/L; suboptimal defined as not meeting
these criteria. For continuous variables, p-values were derived from independent t-test for normally distributed data and Mann-
Whitney U test for non-normally distributed data (as determined by Shapiro-Wilk test). Categorical variables were analyzed using
Fisher’s exact test.

Table 2. Hemodynamic and metabolic associations.
Parameter Optimal Control (n = 32) Suboptimal Control (n = 18) Effect size p-value

Uterine artery PI 1.21 [1.05–1.30] 1.61 [1.50–1.75] r = 0.62* <0.001
NRDS incidence, n (%) 9 (28.1%) 13 (72.2%) RR = 2.57 (1.35–4.88) 0.004
False-negative AI cases 1 (3.1%) 2 (11.1%) - 0.429

Notes: Data as median (IQR) or n (%). Uterine artery PI comparison: U = 63.5, p < 0.001; NRDS incidence comparison: p =
0.004 (Fisher’s exact test); *Cohen’s r fromMann-Whitney U test; RR for NRDS incidence; Fisher exact test for false-negative
AI cases. IQR, interquartile range; RR, risk ratio.

trol. Glycemic dysregulation manifested in both elevated
uterine artery PI values (median 1.61 [IQR 1.50–1.75] vs.
1.21 [1.05–1.30], U = 63.5, p < 0.001) and a 2.57-fold
increased proportion of NRDS cases (suboptimal: 72.2%
[13/18] vs. optimal: 28.1% [9/32]; p = 0.004, which re-
mained significant after Bonferroni correction for the three
primary group comparisons) among the 22 NRDS cases and
28 controls (Table 2), establishing hyperglycemia as the
primary driver of the metabolic-vascular-pulmonary cas-
cade [3]. The stratification of PI values by glycemic con-
trol status (suboptimal vs. optimal) in Fig. 2 mechanisti-
cally links maternal hyperglycemia to impaired placental
perfusion, corroborating the 2.57-fold higher proportion of
NRDS cases in suboptimally controlled pregnancies.

3.2 Hemodynamic Signatures of Placental Dysfunction

Uterine artery PI was significantly elevated in the
NRDS group compared to controls (median 1.52 vs. 1.16,
Table 1; U = 155.0, p < 0.001). This significance held af-
ter strict Bonferroni correction for the three primary group
comparisons (maternal age, gestational age, and PI) (p <

0.001), with a large effect size (Cohen’s d = 1.59; 95% CI:
1.12–2.06) consistent with a priori assumptions. This es-
tablishes its role as a hemodynamic biomarker. Crucially,
the stratification by glycemic control revealed a strong

metabolic-vascular interaction (Table 2). The suboptimally
managed subgroup manifested a significantly higher me-
dian PI than the target-achievers (1.61 [IQR 1.50–1.75] vs.
1.21 [IQR 1.05–1.30], Table 2; U = 63.5, p< 0.001), mech-
anistically linking metabolic dysregulation to impaired pla-
cental perfusion. Significantly elevated uterine artery PI in
the NRDS cohort vs. controls (median 1.52 vs. 1.16; p <

0.001) is visually confirmed by the distributional disparity
in Fig. 2, underscoring its role as a hemodynamic biomarker
of placental insufficiency.

Post hoc power analysis confirmed that with the ob-
served PI effect size (r = 0.62, Cohen’s d = 1.59) and n =
50, the achieved statistical power exceeded 99.0% (GPower
3.1), substantially surpassing the initial 80.0% target.

3.3 AI-Driven Pulmonary Phenotyping Performance
The AI-derived pulmonary texture signatures identi-

fied NRDS cases with 86.4% sensitivity (19/22) and 78.6%
specificity (22/28). Model-clinical diagnosis concordance
was substantial (κ = 0.67, 95% CI: 0.61–0.89), validating
algorithmic reliability. The standalone AI classification
achieved an overall accuracy of 82.0%. The correspond-
ing confusion matrix, delineating true positives, false neg-
atives, false positives, and true negatives, is provided in
Fig. 3.
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Fig. 2. Uterine artery pulsatility index (UtA-PI) distribution stratified by NRDS status and glycemic control. (A) Significantly
elevated UtA-PI in neonates with NRDS (n = 22) vs. controls (n = 28) (p < 0.001, Mann-Whitney U test). (B) Metabolic-vascular
interaction: UtA-PI gradient across glycemic control subgroups. Optimal control groups (Controls: n = 23; NRDS: n = 9) show lower
PI than suboptimal groups (Controls: n = 5; NRDS: n = 13), demonstrating synergistic effects of hyperglycemia and NRDS on placental
vascular resistance. NRDS, neonatal respiratory distress syndrome; PI, pulsatility index.

Fig. 3. Confusion matrix evaluating AI model performance
for neonatal respiratory distress syndrome (NRDS) predic-
tion. Thematrix compares actual clinical diagnoses (rows) against
model predictions (columns) in the test cohort (n = 50 neonates),
demonstrating 19 true positives (NRDS correctly predicted), 22
true negatives (controls correctly identified), 3 false negatives
(NRDS cases missed), and 6 false positives (controls misclassified
as NRDS). Key performance metrics derived include: sensitivity
= 19/(19+3) = 86.4% (ability to detect NRDS cases), specificity =
22/(22+6) = 78.6% (ability to exclude controls), and overall accu-
racy = (19+22)/50 = 82.0%. The model shows stronger precision
in NRDS identification than control group discrimination. TP,
true positives; FN, False Negative; FP, False Positive;TN, True
Negative.

3.4 Integrated Diagnostic Paradigm Validation
The composite diagnostic criterion (concurrent AI

high-risk classification and PI ≥1.28) demonstrated high
clinical utility, achieving 92.0% overall accuracy (46/50)
in the full cohort, with the complete breakdown of diagnos-
tic performance metrics provided in Table 3. The decision
curve analysis demonstrated a peak net benefit of 0.35 at
the 20% threshold probability (Fig. 4), indicating optimal
clinical utility when intervening for patients with ≥20.0%
predicted risk.

3.5 Clinical Translation via Decision Analytics
Decision curve analysis (DCA) quantified the net ben-

efit profile across therapeutically relevant threshold proba-
bilities (10.0%–50.0%). The integrated model consistently
demonstrated superior net benefit compared to both stan-
dalone AI and standalone PI prediction methods across
this range. Crucially, at clinically actionable intervention
thresholds exceeding 15.0%, the net benefit of the com-
bined model was significantly higher than that of the best
unimodal alternative. Fig. 4 graphically validates these re-
sults, illustrating the net benefit superiority of the combined
model across threshold probabilities (10.0%–50.0%), with
peak net benefit of 0.35 at 20.0% threshold. This analy-
sis confirms the enhanced clinical utility of the integrated
diagnostic paradigm for guiding perinatal management de-
cisions in GDM pregnancies at risk for NRDS.
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Table 3. Diagnostic performance comparison.
Model Sensitivity (95% CI) Specificity (95% CI) Accuracy (95% CI) κ (95% CI)

Composite (AI + PI) 90.9% (71.0–98.9) 92.9% (82.0–98.0) 92.0% (81.0–98.0) 0.82 (0.70–0.94)
AI texture only 86.4% (65.1–97.1) 78.6% (59.0–91.7) 82.0% (68.6–91.4) 0.67 (0.61–0.89)
Uterine artery PI only 82.0% (68.9–91.0) 75.0% (55.1–89.3) 76.0% (61.8–87.0) 0.52 (0.38–0.66)
Thresholds: PI cutoff = 1.28; AI high-risk defined by SVM classification. McNemar test: composite vs. PI (p =
0.002), composite vs. AI (p = 0.021). SVM, support vector machine.

Fig. 4. Decision curve analysis (DCA) evaluating the clinical
utility of predictive models for neonatal respiratory distress
syndrome (NRDS). The net benefit (y-axis) of intervention strate-
gies derived from the combined model (black), AI texture model
only (red), UtA-PI model only (blue), treat-all approach (green),
and treat-none strategy (purple) is plotted against threshold prob-
abilities ranging from 10.0% to 50.0% (x-axis). The integrated
(combined) model demonstrates superior net benefit compared to
both standalone models across the entire threshold range (10.0%–
50.0%). Crucially, at clinically actionable intervention thresholds
exceeding 15.0%, the net benefit of the combined model is signif-
icantly higher than that of the best unimodal alternative (either AI
or PI model). The combined model achieves a peak net benefit of
0.35 at the 20.0% threshold probability.

4. Discussion

This investigation proposes a novel dual-parameter di-
agnostic framework, integrating AI-quantified fetal lung
texture signatures with uterine artery Doppler hemodynam-
ics, to substantially enhance the prediction of NRDS in
GDM. This approach effectively captures the synergistic
pathophysiological interplay between placental vascular in-
sufficiency and pulmonary immaturity, with the former
quantified by elevated uterine artery PI (median: 1.52 vs.
1.16, Cohen’s r = 0.62) and the latter evidenced by AI-
derived lung texture analysis (sensitivity: 86.4%, speci-
ficity: 78.6%). The foundational role of hyperglycemia
was further confirmed by the strong association between

suboptimal glycemic control and NRDS incidence (p =
0.004). The composite model achieved exceptional diag-
nostic accuracy (92.0%) by synergistically integrating pla-
cental hemodynamics and pulmonary immaturity markers.
This mechanistic alignment with established GDM patho-
physiology provides compelling biological plausibility for
the model’s predictive efficacy [3], by demonstrating how
maternal hyperglycemia concurrently impairs uteroplacen-
tal perfusion and disrupts fetal surfactant synthesis.

Our framework connects elevated uterine artery PI
and AI-assessed pulmonary immaturity to predict NRDS
in GDM. This association is context-specific: while
in preeclampsia high PI often accelerates lung matura-
tion via cortisol-mediated surfactant release, in GDM,
hyperglycemia-induced fetal hyperinsulinemia suppresses
surfactant synthesis. Thus, in GDM, placental dysfunc-
tion coincides with, rather than counteracts, metabolically
driven pulmonary delay. This mechanistic distinction un-
derscores the specificity of our dual-pathway model, which
captures the synergistic detriment of both hemodynamic
and metabolic impairment, justifying the combined use of
Doppler and pulmonary texture analysis for GDM-specific
risk assessment.

The AI-driven pulmonary phenotyping exhibited sub-
stantial concordance with clinical NRDS diagnosis (κ =
0.67) and robust standalone accuracy (82.0%). Crucially,
the temporal synchronization of pulmonary and vascular
assessments within 48 hours preceding delivery proved es-
sential [20] for capturing dynamic pathophysiological in-
teractions. Notably, among the 3 total false-negative pre-
dictions in our cohort, 2 occurred in the suboptimally con-
trolled GDM subgroup (representing 15.4% of NRDS cases
in this subgroup). This may suggest a potential ‘glycemic
vulnerability window’ where extreme metabolic dysregula-
tion could challenge the detection threshold of current tex-
ture feature extraction algorithms [21], though this obser-
vation requires validation in larger studies. In the subopti-
mal glycemic subgroup (n = 18, 13 NRDS cases), AI gen-
erated 2 FN results (15.4% of its NRDS cases), whereas
the optimal subgroup (n = 32, 9 NRDS cases) had 1 FN
(11.1%). This trend suggests a potential heightened detec-
tion challenge in metabolically dysregulated pregnancies,
though the small numbers preclude definitive conclusions.
Future model iterations should incorporate continuous glu-
cose monitoring metrics [22] to enable adaptive risk strati-
fication in these high-risk scenarios.
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Decision curve analysis (DCA) quantitatively val-
idated the superior clinical utility of the integrated
model across therapeutically relevant threshold probabili-
ties (10.0%–50.0%) [23]. The model demonstrated a peak
NB of 0.35 at a 20.0% intervention probability, translating
to the prevention of approximately 8 unnecessary antenatal
corticosteroid courses per 100 patients while concurrently
avoiding 2 missed high-risk cases [24]. This represents
a decisive advantage over invasive diagnostic benchmarks
such as amniocentesis [25]. The model’s sustained 1.4-fold
higher net benefit compared to the best unimodal predictor
at thresholds exceeding 15.0% underscores its pivotal role
in guiding evidence-based perinatal interventions [26].

The transition to TensorFlow 2.15 LTS during
manuscript preparation addressed end-of-life concerns for
the original 2.10 version. Rigorous validation confirmed
no impact on feature extraction or classification outcomes
(Bland-Altman 95% limits of agreement: –0.03 to 0.02 for
prediction probabilities).

Limitations
Several methodological limitations warrant consider-

ation. The single-center design and modest cohort size
(n = 50) constrain immediate generalizability and necessi-
tate external validation in larger, multiethnic populations
[27]. Furthermore, potential confounding factors were
not fully adjusted for in our analysis. These include not
only established variables such as maternal body mass in-
dex [28], insulin therapy intensity, and fetal growth tra-
jectories, but also the specific indications for elective pre-
mature delivery. Although major comorbidities were ex-
cluded, residual confounding from unreported pathologies
associated with early delivery could independently influ-
ence NRDS risk. Additionally, the explanation of false-
negative cases via a “metabolic threshold” remains specu-
lative due to a lack of quantitative metabolic profiling, such
as glycated hemoglobin (HbA1c), glucose variability, or in-
sulin dosage, which limits our ability to precisely define the
level of dysregulation in misclassified cases. Future studies
should incorporate detailed metabolic, clinical, and deliv-
ery indication data to improve model specificity, explana-
tory power, and population-specific risk calibration [29].

5. Conclusions
This study successfully establishes and validates a

novel, non-invasive framework that integrates AI-based fe-
tal lung texture analysis with uterine artery PI for stratifying
NRDS risk in GDM pregnancies. The model demonstrated
high diagnostic accuracy, a robust net benefit profile across
clinical decision thresholds, and substantial agreement with
clinical diagnosis, confirming its potential as a physiolog-
ically grounded tool. This paradigm offers a compelling
strategy to optimize perinatal management by balancing the
imperative for timely intervention against the risks of iatro-
genic harm [30] in this vulnerable population.
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