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Abstract 
 

This study built a model to forecast the maturity of lungs by blending radiomics and deep learning methods. We examined ultrasound 

images from 263 pregnancies in the pregnancy stages. Utilizing the GE VOLUSON E8 system we captured images to extract and 

analyze radiomic features. These features were integrated with clinical data by means of deep learning algorithms such as 

DenseNet121 to enhance the accuracy of assessing fetal lung maturity. This combined model was validated by receiver operating 

characteristic (ROC) curve, calibration diagram, as well as decision curve analysis (DCA). We discovered that the accuracy and 

reliability of the diagnosis indicated that this method significantly improves the level of prediction of fetal lung maturity. This novel 

non-invasive diagnostic technology highlights the potential advantages of integrating diverse data sources to enhance prenatal care 

and infant health. The study lays groundwork, for validation and refinement of the model across various healthcare settings. (Afr J 

Reprod Health 2025; 29 [5s]: 51-64). 
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Résumé 

 

Cette étude a permis d'élaborer un modèle de prédiction de la maturité pulmonaire en combinant la radiomique et des méthodes 

d'apprentissage profond. Nous avons examiné des images échographiques de 263 grossesses en cours de grossesse. Grâce au système 

GE VOLUSON E8, nous avons acquis des images pour extraire et analyser les caractéristiques radiomiques. Ces caractéristiques 

ont été intégrées aux données cliniques grâce à des algorithmes d'apprentissage profond tels que DenseNet121 afin d'améliorer la 

précision de l'évaluation de la maturité pulmonaire fœtale. Ce modèle combiné a été validé par la courbe ROC (Receiver Operating 

Characteristic), le diagramme d'étalonnage et l'analyse de la courbe de décision (DCA). Nous avons constaté que la précision et la 

fiabilité du diagnostic indiquaient que cette méthode améliorait significativement le niveau de prédiction de la maturité pulmonaire 

fœtale. Cette nouvelle technologie diagnostique non invasive met en évidence les avantages potentiels de l'intégration de diverses 

sources de données pour améliorer les soins prénatals et la santé infantile. Cette étude pose les bases de la validation et de l'affinement 

du modèle dans divers contextes de soins. (Afr J Reprod Health 2025; 29 [5s]: 51-64). 

 

Mots-clés: Fœtal; maturité pulmonaire; santé infantile; radiomique échographique 

 

Introduction 
 

Abnormal or underdeveloped lung growth plays a 

role in respiratory issues among newborns.1 The 

growth of the baby’s lungs directly impacts their 

chances of survival. The crucial period for fetal lung 

development is from the 24 weeks to the 36 weeks 

of pregnancy.2 In this period, the lungs are 

vulnerable to negative factors that can result in 

different abnormalities and impact the progress of 

fetal lung development.3 The current primary 

method of assessing lung maturity in prenatal 

testing is through amniocentesis, a procedure that 

carries risks containing premature birth, early 

membrane rupture, and maternal bleeding.4,5 

Respiratory system abnormalities contain different 

conditions that influence the bronchi, lungs, or 

pulmonary blood vessels. 

Prenatal ultrasound is a commonly utilized 

imaging method that uses sound waves to assess the 

fetus and its parts without being invasive. It is a tool 

to examine any problems in fetal development, with 

a focus on understanding the overall shape of the 

embryo and the important structure of the fetus. 
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Ultrasound imaging is portable and cost-effective 

and does not include any invasive procedures, 

making it a popular choice for diagnosing, 

screening, and managing various medical 

conditions.6 Abundant scientific evidence indicate t 

that ultrasound can help monitor lung growth.7,8 As 

prenatal ultrasound technology and skills have 

improved, it has become the method of choice for 

prenatal testing.9,10 However, factors such as fluid 

levels, fetal bone formation, maternal weight issues 

and operator proficiency can sometimes result in 

errors or missed detections during ultrasound 

examinations.11  

With advances in computer technology and 

the availability of massive ultrasound datasets, 

powerful artificial intelligence machine learning has 

been employed to automatically produce diagnoses 

by image analysis algorithms.12,13 Deep learning is a 

branch of machine learning that adopts multi-

layered neural networks to abstract and learn from 

representations of input data layer by layer, enabling 

the modeling of complex data structures and non-

linear relationships. It has developed pattern 

recognition capabilities to help with detection, 

prediction, as well as classification tasks in medical 

image diagnosis, helping to surmount the 

limitations of the physician’s visual assessment.14,15 

At present, deep learning has significant advantages 

in fields such as image recognition,16 speech 

recognition,17 and natural language processing.18  

In ultrasound technology, the use of deep 

learning technology can assist clinicians to quickly 

and accurately assess clinical conditions, saving 

time in clinical diagnosis and treatment, and 

promoting the overall efficiency of ultrasound 

examination. This technology is currently being 

used for ultrasound diagnosis of obstetric, breast, 

heart, ovarian and liver diseases, including detection 

of fetal lung disease. It offers new tools and 

opportunities for diagnosing and treating various 

pediatric diseases.19-21 Recently, with the 

advancement of medical diagnostic technology, the 

early detection of fetal health has been paid 

increasing attention. Literature review shows that in 

Spain (Quantitative Fetal Lung Maturity, QFLM), 

commercial software is used to conduct quantitative 

texture analysis of fetal lung to study the texture 

characteristics of ultrasound images, which 

preliminarily proves that the texture analysis of 

ultrasound images can indicate fetal lung maturity 

linked to gestational age.22,23 Nevertheless, the 

implementation of artificial intelligence deep 

learning algorithms to assess fetal lung ultrasound 

images to predict fetal lung abnormalities is still 

restricted, and its value has not been extensively 

proven.24,25 

Current techniques for lung ultrasound 

image analysis face two main challenges: the 

limited accuracy of traditional machine learning 

methods and the short of clarity of deep learning 

methods.26-29 Traditional machine learning relies on 

feature extraction, which is not only time-

consuming, but also subject to operator expertise, 

resulting in diminished accuracy when handling 

complex or uncommon situations.30,31 Instead, deep 

learning proves the accuracy of image analysis. 

However, its opaque decision-making process poses 

challenges to interpretation, thus limiting its 

credibility and trustworthiness in clinical 

settings.32,33 Therefore, strategies that provide 

clarity and interpretability while maintaining high 

precision are needed to improve the diagnostic 

validity and reliability of fetal lung ultrasound 

images. 

The objective of this study is to obtain 

ultrasound images of lung development in the 

second trimester, identify key features, create a 

database, and apply advanced artificial intelligence 

techniques to build feature-based models. 

Thereafter, we conducted an evaluation with the 

goal of creating a reliable predictive tool for 

identifying abnormal fetal lung development that 

could be applied in clinical practice. 
 

Methods 
 

From January 2021 to October 2023, the 

Guangzhou Red Cross Hospital performed a second 

trimester fetal lung ultrasound scan on 305 pregnant 

women with medical history, and obtained 305 fetal 

lung ultrasound images. After excluding 42 cases 

involving known congenital issues or chromosomal 

disorders, twin pregnancies, and other specified 

exclusions, a total of 263 singleton pregnancies 

(consisting of 263 fetal lung ultrasound images) 

were considered for this investigation. The mean 

age of the participants was 31 years old, and the 

gestational age ranged from 17 to nearly 28 weeks. 

Inclusion criteria were: (1) singleton pregnancy; (2) 

complete medical history; (3) gestational age ranged 

17-27+6 weeks. Exclusion criteria included: (1) 

fetal congenital abnormalities or chromosomal 

disorders; (2) poor image quality.  
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Each woman’s stage of pregnancy was calculated 

based on the date of her last menstrual period, and 

then adjusted using an early pregnancy ultrasound 

to assess crown hip length. Among the 263 mothers, 

65 (25.0%) experienced problems such as 

gestational diabetes, gestational hypertension or 

preeclampsia during pregnancy, while the other 198 

(75.0%) had a successful pregnancy. 
 

Ultrasound images acquisition 
 

A GE VOLUSON E8 (GE, USA) color ultrasound 

diagnostic system was adopted for ultrasound 

examination of pregnant women using a matrix 

array transducer (C1-5-D probe) with a frequency 

range of 27 MHz and a center frequency of 3.5 

MHz. Ultrasound scanning was conducted 

following the International Society of Ultrasound in 

Obstetrics and Gynecology (ISUOG) practice 

guidelines.34 The manipulation and acquisition of 

fetal lung ultrasound images was done by two 

physicians, one with over 10 years of experience in 

obstetrics ultrasound (Physician 1) and another with 

5 years of experience (Physician 2). Subsequently, 

fetal lung ultrasound images were separated into a 

training set and a validation set in random. 

Fetal lung ultrasound images collected must 

meet the following criteria: (1) On the four-

compartment view of the heart, the probe was 

adjusted to guarantee that at least one side of the 

fetal lung did not have the shadow effect of the fetal 

ribs; (2) The image was adjusted for every pregnant 

woman and fetus, containing depth, gain, frequency, 

time gain compensation as well as the use of 

harmonics (for obese pregnant women) to ensure 

the best image quality; (3) When saved, no color 

Doppler, arrows, or measurement values were 

retained on the image, and all images were collected 

and stored in DICOM format.35 
 

Radiomics procedure 
 

The program diagram of ROI segmentation, feature 

extraction, feature selection as well as clinical use 

of radiomics in fetal lung analysis are shown in 

Figure 1. 
 

Feature extraction 
 

In this study, we meticulously categorized and 

extracted handcrafted radiomic features, classifying 

them into three principal categories: geometric 

shape features, intensity features, and texture 

features.36 

Geometric shape features are intended to 

capture the spatial geometry of tumors, which is 

vital for comprehending their growth patterns and 

potential invasiveness. Specifically, we calculated 

measurements of volume, surface area, surface, 

smoothness, roundness and various other 

characteristics related to shape. These parameters 

not outline the tumors shape and dimensions but 

also offer valuable information, about the intricacy 

and properties of tumor boundaries. 

Intensity characteristics examine how the 

signal intensity is spread out among the image 

voxels by looking at statistical measures. We didn’t 

just calculate statistics like average intensity middle 

value, variance, highest and lowest values; we also 

checked the consistency and diversity, in the tumor 

signals by analyzing skewness and kurtosis showing 

how the intensity is distributed within the tumor. 

Texture characteristics use intricate second 

order and higher order techniques to examine 

patterns of voxel intensity and their spatial 

arrangement. We studied aspects of texture 

including image coarseness orientation, consistency 

and local variability. These characteristics offer a 

view of the intricate inner structures within the 

tumor, which are linked to gene expression and 

potential biological behavior. To capture these 

texture features, a variety of image analysis methods 

containing Gray Level Co-occurrence Matrix 

(GLCM) were applied for assessing the occurrence 

frequency of intensity pairs Gray Level Run Length 

Matrix (GLRLM) for measuring the length of 

consecutive runs with identical intensities Gray 

Level Size Zone Matrix (GLSZM) for quantifying 

continuous pixel area sizes with identical intensities 

and Neighbourhood Gray Tone Difference Matrix 

(NGTDM) for gauging intensity variation 

complexity, in local regions of the image. 

To ensure the reliability along with 

reproducibility of the features we extracted, we 

utilized the pyradiomics tool (version 3.0.1) in 

adherence to the guidelines established by the 

Imaging Biomarker Standardization Initiative 

(IBSI). These guidelines are designed to promote 

consistency across studies and imaging devices 

providing a standardized and validated approach to 

the process of extracting radiomic features. This 

helps make our findings comparable and 

trustworthy. Additionally, we made adjustments to  
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Figure 1: Workflow diagram for ROI segmentation, feature extraction, feature selection, and clinical application in fetal 

lung analysis 
 

each subregion of the ultrasound images to explain 

differences, in patients and tumor characteristics 

ensuring that the extracted features accurately 

capture the distinctive attributes of each individual 

tumor. 
 

Feature selection 
 

During the feature selection phase of our research, 

we followed a stepped approach. Initially, we used 

Z-scores to standardize features. The p-value 

calculation based on T-test was then used, and 

features with a P-value less than 0.05 were selected 

for retention. Next, we examined features by means 

of Pearsons’ correlation coefficient and decided to 

keep only one feature showing a correlation above 

0.9. This involved employing a recursive deletion 

strategy to eliminate redundancy. Lastly to further 

refine our signatures feature set we applied LASSO 

regression to reduce the influence of irrelevant 

features. The optimal regularization parameter λ, for 

this process, was determined through 10-fold cross-

validation. 
 

Radiomics model 
 

After Lasso-based feature refinement, we evaluated 

risk using two types of models: linear models (LR) 

and tree-based models (RandomForest, 

ExtraTrees). For model hyperparameter tuning, 5-

fold cross-validation was adopted on the training  

set, while Gridsearch algorithm was adopted for 

hyperparameter optimization. The model 

parameters with the best median performance were 

included for the final model training. 
 

Deep learning procedure 
 

Crop ROI: In our approach we chose the slice with 

the Region of Interest (ROI) as the major image for 

each patient. To simplify things and reduce 

background interference, in our analysis process we 

kept only the smallest rectangular area covering the 

ROI. This rectangle was then enlarged by 10 pixels 

based on studies emphasizing the importance of 

areas surrounding tumors. 

Data Augmentation: We adjusted the 

intensity distribution evenly across the RGB 

channels by normalizing the images using Z scores. 

These adjusted images were used as inputs for our 

model. In training, real-time data enhancement 

techniques containing cropping, horizontal flipping, 

as well as vertical flipping were employed. When 

processing test images, we only focused on 

normalization. 
 

Deep learning signature 
 

Transfer Learning: We investigated how known 

networks, like ResNet50 ResNet101 and 

DenseNet121 can improve the effectiveness of 

conventional CNN based models. Furthermore, we 
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compared these models to determine the algorithm 

for our particular research needs. 

Hyper Parameters: In our research we used transfer 

learning to make sure that the model works well 

with groups of patients who have varying 

characteristics. This method included starting the 

model with learned weights, from the ImageNet 

database to help it perform better with various types 

of data. One important part of our method was 

carefully adjusting the learning rate to improve how 

well the model works across datasets. To do this we 

used a strategy called cosine decay learning rate, 

which is explained below: 

ηt = ηi + (η— ηi Tcur ) (1 + cos ( ))

 (1) 

min 1 max min Ti 
 

The notation ηi = 0 means the minimum learning 

rate, while ηi = 0.01 means the maximum learning 

rate. The termTi = 30 represents the number of 

epochs in the iterative training process. Other 

essential hyperparameters include the use of 

Stochastic Gradient Descent (SGD) as a loss 

function of the optimizer and softmax cross entropy. 

Deep Learning Signature: In our model, the output 

probabilities calculated by the CNN were defined as 

the Deep Learning Signature. 

Deep Learning Radiomics Signature: In our 

research we found that the Densenet121 model 

implemented best among the learning models 

tested. We focused on extracting features from its 

‘features.norm5’ layer, which has a total of 50,176 

dimensions due to the models complexity. To 

address overfitting issues, with this high 

dimensionality we used Principal Component 

Analysis (PCA) to decrease these features to a more 

practical 512 dimensions. 

To create the Deep Learning Radiomics 

(DLR)37 signature we utilized a fusion algorithm 

that merges 512 dimensional deep learning 

characteristics with 1,562 dimensional radiomic 

features resulting in a total of 2,074 dimensional 

features. Following this we proceeded with a 

method, to the one employed in radiomics for 

selecting features and building models. 
 

Clinical use 
 

Combined Model: In order to make it more 

applicable in real world scenarios we conducted 

analyses on clinical features individually and then 

systematically. We pinpointed the important ones. 

Next, we combined these clinical features with the 

outcomes, from our advanced radiomics model. 

This led to the development of a Linear Regression 

(LR) model resulting in the formation of the 

Combined Signature. We effectively represented 

this signature using a nomogram. 

Metrics: To measure how well our models perform 

we created Receiver Operating Characteristic 

(ROC) curves. We also looked at how the model is 

calibrated by analyzing calibration curves and using 

Hosmer Lemeshow analysis. Additionally, we used 

Decision Curve Analysis (DCA) to judge the value 

of our predictive models. 
 

Statistical analysis 
 

The statistical analysis was implemented by means 

of Python 3.7.12 with version 0.13.2 of the stats 

models library for statistical modeling. In 

developing the machine learning model, we adopted 

version 1.0.2 of the scikit learn library. Deep 

learning training was implemented on an NVIDIA 

4090 GPU within the MONAI 0.8.1 and PyTorch 

1.8.1 frameworks. We used a method to split the 

dataset, putting 70% of the data into the training 

group and the remaining 30% into the internal 

validation group. The fairness of this split was 

verified statistically as seen in Table 1 which reveals 

no variations in baseline traits, between the training 

and validation sets (all p-values > 0.05) suggesting 

an impartial separation of the dataset. 
  

Ethical clearance 
 

This study was consistent with the ethical standards 

of the 1964 Declaration of Helsinki and its later 

amendments, and was approved by the Ethics 

Committee of Guangzhou Red Cross Hospital and 

Tianhe District Maternal and Child Hospital of 

Guangzhou. 
 

Results 

 

Baseline characteristics 
 

Table 1 provided a breakdown of the baseline 

features of the group. Factors such as age, week at 

delivery number of pregnancies ultrasound 

gestational week infant birth weight, number of 

deliveries, gender and Apgar score were all taken 

into account. These variables were compared in all 

participants, and significance was assessed using P-

values in the training and experimental groups. 
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Table 1: Baseline characteristic of our cohort 
 

Feature Name ALL Train Test P value 

Age 30.95±4.11 31.11±4.28 30.57±3.68 0.341 

Gestation Week 38.35±1.54 38.27±1.54 38.52±1.53 0.234 

Pregnancy Times 1.85±1.01 1.88±0.98 1.77±1.06 0.4 

Ultrasonic Gestation Week 23.55±2.03 23.61±2.09 23.40±1.89 0.463 

Weight 3084.20±424.49 3065.25±421.53 3127.99±430.84 0.279 

Delivery Times  -  0.275 

0 2 (0.78) 1 (0.56) 1 (1.30) - 

1 158 (61.96) 106 (59.55) 52 (67.53) - 

2 89 (34.90) 68 (38.20) 21 (27.27) - 

3 6 (2.35) 3 (1.69) 3 (3.90) - 

Gender  -  0.105 

0 124 (48.63) 93 (52.25) 31 (40.26) - 

1 131 (51.37) 85 (47.75) 46 (59.74) - 

Apgar score  -  0.103 

0 237 (92.94) 169 (94.94) 68 (88.31) - 

1 18 (7.06) 9 (5.06) 9 (11.69) - 
 

 

 
 

Figure 2: (a) OR of clinical features in univariable analysis. (b) OR of clinical features in multivariable analysis 

 

Clinical features analysis 
 

Univariable and multivariable Analysis: Each 

clinical characteristic was thoroughly examined 

through an individual analysis to determine the 

Odds Ratio (OR) and corresponding p values. 

Characteristics with a p value below 0.05 were 

deemed significant and included in the creation of  

the nomogram. Apart from the analysis a 

multivariable examination was carried out to adjust 

for potential influencing factors and identify the 

unique impacts of each clinical characteristic. The 

detailed process of this step analysis can be 

discovered in Supplementary Material 1A. 

The following table provides a summary of both the 

individual and multivariable analyses presenting the  
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Figure 3: Number and ratio of handcrafted features 
 

OR 95% Confidence Interval (CI) range and p value 

for each clinical characteristic. This table plays a 

role, in understanding the clinical significance of 

each variable. 

Figure 2 (a) and Figure 2 (b) visually depict 

the Odds Ratios (ORs) for clinical features derived 

from univariate and multivariate analyses, 

respectively. These figures illustrate the 

comparative strength of association that each 

clinical feature has with the outcome, which in this 

study turned out to be the presence of a particular 

medical condition.                                                  
 

Deep learning radiomics signature 
 

Handcrafted Features Statistics:38 We carefully 

collected a wide range of 1,562 manually crafted 

radiomic characteristics, from the ultrasound 

pictures. These characteristics were categorized into 

shape, basic statistical properties and texture. 

Specifically, we outlined the process of acquiring 

360 basic statistical properties, 14 shape attributes 

and a diverse assortment of texture features. 

Figure 3 illustrates the breakdown and ratio of 

manually created features. This visual depiction 

highlights the makeup and equilibrium of the 

feature collection offering a glimpse into the 

intricacy of the dataset and the possible impact of 

each feature category. 
 

Selecting radiomics features with lasso 

method 
 

To choose the effective features we used LassoCV 

in conjunction, with a 10-fold cross validation 

approach. This method helped us to simplify the 

data and pinpoint the features that greatly impact 

model accuracy. 

Figure 4 illustrated the results of the 

LassoCV feature selection process. It presented the 

Lasso path showing how the coefficients of features 

change with the regularization parameter, the 

squared error (MSE) from cross-validation, and the 

weights of the chosen radiomic features. These 

visuals provide an insight into how features are 

selected and highlight their relative importance. 
 

Metric results for deep learning radiomics 

signature 
 

In terms of evaluation metrics, we assessed the 

ExtraTrees model using measures such as accuracy, 

AUC, sensitivity, specificity positive predictive 

value (PPV) along with negative predictive value  
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Figure 4: LassoCV feature selection process visuals 

 

(NPV). The model showed predictive performance 

with high AUC scores, in both sets.  

Table 2 provided a detailed overview of the 

performance metrics for the Deep Learning 

Radiomics Signature, comparing the results in  

different machine learning models within the 

training and testing cohorts. This comprehensive 

table emphasized the effectiveness of the 

ExtraTrees model, particularly in testing set, 

suggesting its suitability for practical diagnostic 

use. 
 

ROC results for deep learning signature of 

different model 
 

The ROC curves39 in Figure 5 offer a comparative 

perspective on model performance among different 

data cohorts. They serve as an essential tool                  

in evaluating and contrasting the true positive rate  
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Table 2: Metric results for Deep Learning Radiomics Signature 
 

Model Name Cohort AUC 95% CI Sensitivity Specificity PPV NPV Accuracy 

LR train 0.973 0.954 - 0.993 0.950 0.907 0.838 0.973 0.921 

test 0.788 0.682 - 0.893 0.806 0.674 0.625 0.838 0.727 

Random Forest train 0.947 0.917 - 0.976 0.900 0.847 0.750 0.943 0.865 

test 0.821 0.726 - 0.916 0.871 0.739 0.692 0.895 0.792 

Extra Trees train 0.914 0.874 - 0.954 0.750 0.890 0.776 0.875 0.843 

test 0.865 0.784 - 0.946 0.968 0.674 0.667 0.969 0.792 

 

 
 

Figure 5: ROC results for Deep Learning Signature of different model 
 

 

Figure 6: Grad-CAM visualizations for typical samples 
 

Table 3: Metrics on different signature 
 

Signature Cohort Accuracy AUC 95% CI Sensitivity Specificity PPV NPV 

Clinical Train 0.781 0.806 0.7352 - 0.8762 0.567 0.890 0.723 0.802 

Radiomics Train 0.787 0.880 0.8296 - 0.9297 0.867 0.746 0.634 0.917 

Deep Learning Train 0.770 0.843 0.7781 - 0.9080 0.800 0.754 0.623 0.881 

DLR Train 0.843 0.914 0.8738 - 0.9537 0.750 0.890 0.776 0.875 

Nomogram Train 0.831 0.928 0.8918 - 0.9635 0.867 0.814 0.703 0.923 

Clinical Test 0.727 0.779 0.6727 - 0.8855 0.548 0.848 0.708 0.736 

Radiomics Test 0.753 0.785 0.6809 - 0.8885 0.710 0.783 0.687 0.800 

Deep Learning Test 0.688 0.728 0.6094 - 0.8457 0.710 0.674 0.595 0.775 

DLR Test 0.792 0.865 0.7838 - 0.9463 0.968 0.674 0.667 0.969 

Nomogram Test 0.805 0.891 0.8221 - 0.9605 0.774 0.826 0.750 0.844 
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Figure 7: Receiver Operating Characteristic (ROC) curves for different signatures 
 

 
 

Figure 8: Calibration curves for different signatures 

 

(sensitivity) against the false positive rate (1-

specificity) across a range of thresholds. 
 

Grad-CAM analysis 
 

The utility of Grad-CAM40 was to visually represent 

the focus areas of the deep learning model on the 

input images, effectively highlighting which 

regions were most influential in the predictive 

analysis. Figure 6 displays these visualizations for 

two representative samples, showcasing the model’s 

attention and inference patterns. 
 

Clinical application and evaluation 
 

Our research went beyond evaluating individual 

models; we also delved into the blending of various 

modeling techniques. Through the amalgamation of 

Clinical, Radiomics and Deep Learning models to 

make a signature we witnessed a significant 

improvement, in performance measures. 

In the evaluation of the integrated model, as 

depicted in Table 3 and Figure 7, the DLR model 

that incorporates deep learning and radiomics 

showed AUC values in both data sets compared to  
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Figure 9: Different signatures’ decision curve on test cohort 
 

the standalone model. Nomograms incorporating 

features into DLR models obtained the best 

performance indicators, showing that combining 

different data inputs can greatly improve prediction 

accuracy. 
 

Tuning models and ensuring accuracy 
 

We improved our models further by conducting 

Hosmer Lemeshow (HL) tests to evaluate the 

calibration of these models. This test is important 

for checking if the predicted probabilities align 

closely with the outcomes. A calibrated model 

shows a higher HL statistic indicating accurate 

predictions that closely reflect real-world events. 

Figure 8 showcases the calibration curves providing 

a representation of this correlation, within our 

models. 
 

Decision curve analysis (DCA)  
 

To quantify the clinical usefulness of our predictive 

models, we performed DCA41 for both the training 

and testing datasets, as depicted in Figure 9. The 

analysis showcases the net benefit across a range of 

decision thresholds, underlining the practical utility 

of our models. 
 

Discussion 
 

This research applied a dataset comprising 263 

instances of singleton pregnancies laying a strong 

groundwork for training and validating the model. 

By integrating learning with traditional radiology 

techniques my goal was to improve the clarity and 

precision of our predictions. Compared to 

approaches our method enables earlier forecasts of 

fetal lung maturity. In addition, by using machine 

learning methods containing LassoCV selection 

features and PCA dimensionality reduction,42 we 

ensure the credibility and importance of our 

radiological features. Our comprehensive model 

exhibited diagnostic accuracy through robust ROC 

curves, calibration plots, as well as DCA. This 

noninvasive technique effectively minimizes the 

risks associated with amniocentesis procedures such 

as premature labor and maternal bleeding. 



Chen  et al.                                                                                                                                  Radiomics in fetal lung maturity 

                                                                       African Journal of Reproductive Health May 2025; 29 (5s):62 

The findings from our study carry implications for 

clinical application. The exceptional accuracy and 

reliability of our model imply its potential as a 

standard tool for routine prenatal screening 

potentially reducing the necessity for invasive 

interventions. The precise evaluation of lung 

maturity using solely ultrasound imaging is 

particularly beneficial in settings with limited 

access to advanced diagnostic resources. 

Additionally incorporating machine learning can 

augment clinicians’ diagnostic abilities leading to 

timely and precise decision-making processes. By 

harnessing features and deep learning technologies 

we can extract valuable insights, from ultrasound 

images that enhance the predictive capacity of the 

model. Furthermore, utilizing a dataset from a 

single institution guarantees the uniformity of data 

quality and collection techniques. 

However, this study has its limitations. The 

data was collected from one medical facility 

potentially restricting the broader applicability of 

the results. Future studies should confirm the 

model’s effectiveness across centers and diverse 

populations to ensure its reliability and widespread 

usefulness. Despite efforts such as using Grad CAM 

to improve interpretability the opaque nature of 

learning models poses a challenge for their clinical 

implementation. 

Our findings build on previous research 

regarding the application of radiomics as well as 

deep learning in medical imaging. While previous 

studies have emphasized the potential of radionics 

in evaluating lung maturity our research takes it a 

step further by enhancing predictive accuracy 

through deep learning integration.4,5,7-10 Unlike 

machine learning approaches that rely on manual 

feature extraction, our approach leverages the 

automatic feature learning capabilities of deep 

learning to achieve more efficient and precise 

results.  

We developed a predictive model for 

assessing fetal lung maturity, leveraging radiomics 

and deep learning techniques. Through meticulous 

analysis, including univariable and multivariable 

assessments, we integrated clinical, radiomic, and 

deep learning features, achieving high diagnostic 

accuracy and good model calibration. The 

combined approach showed significant predictive 

performance improvements, especially when 

clinical data were incorporated. In short, our 

thorough examination ranges from statistical 

validation to incorporating intricate models and 

evaluating their effectiveness in real-world medical 

settings. This diverse methodology not strengthens 

the reliability of our results but also sets the stage 

for meaningful clinical implementation ultimately 

driving progress, in personalized healthcare. 
 

Strengths and limitations 
 

The main strength of our study was that we 

developed a predictive model for assessing fetal 

lung maturity, leveraging radiomics and deep 

learning techniques, which may improve prenatal 

care and outcomes for neonatal health. The main 

limitation of our study was the applicability of the 

model in diverse environments remained unclear. 
 

Conclusion 
 

Our research introduces a comprehensible model for 

early identification of potential fetal lung 

development issues with the potential to improve 

prenatal care and outcomes for neonatal health. Our 

future efforts will focus on validating the 

applicability of the model in diverse environments 

and further refining its interpretability and 

effectiveness. 
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