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Abstract 

Objectives  To create a placental radiomics-clinical machine learning model to predict FGR.

Materials and methods  Retrospectively analyzed placental MRI and clinical data of 110 FGR cases and 158 healthy 
controls at 28–37 weeks of gestation from two campuses of ZWH. 227 cases from Hubin campus were randomly 
divided into training (n = 182) and internal testing set (n = 45). 41 cases from Xiaoshan campus were included in exter-
nal testing set. Placental MRI features were extracted from sagittal T2WI. Mann–Whitney U test, redundancy analysis, 
and LASSO were used to identify the radiomics signature, and the best-performing radiomics model was constructed 
by comparing eight machine learning algorithms. Clinical factors determined by univariate and multivariate analyses. 
A united model and nomogram combining the radiomics Rad-score and clinical factors were established. The perfor-
mance of the models was assessed by DeLong test, calibration curve and decision curve analysis.

Results  Of 1561 radiomics features, 10 strongly correlated with FGR were selected. The radiomics model using 
logistic regression performed best compared eight algorithms. 5 important clinical features identified by analysis. The 
united model demonstrated a good predictive performance in the training, internal testing and external testing sets, 
with AUC 0.941 (95% CI, 0.0.904–0.977), 0.899 (95% CI, 0.789–1) and 0.861 (95% CI 0.725–0.998), prediction accura-
cies 0.885, 0.844 and 0.805, precisions 0.871, 0.789 and 0.867, recalls 0.836, 0.833 and 0.684, and F1 scores 0.853, 0.811 
and 0.765, respectively. The calibration and decision curves of the united model also showed good performance. 
Nomogram confirmed clinical applicability of the model.

Conclusions  The proposed placental radiomics-clinical machine learning model is simple yet effective to predict 
FGR.
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Introduction
Fetal growth restriction (FGR) is defined as the failure of 
the fetus to meet growth potential due to a pathological 
factor, most commonly placental dysfunction [1]. FGR 
increases the risks of perinatal morbidity and mortal-
ity [2, 3], as well as adverse long-term health outcomes, 
especially impaired neurological and cognitive develop-
ment [4], in addition to cardiovascular and endocrine 
diseases in adulthood [5]. Early and accurate diagnosis 
of FGR is essential for obstetric care. However, it is dif-
ficult to determine fetal growth potential in clinical prac-
tice, which is usually defined by the statistical deviation 
of fetal size from population-based references, such as 
the 10th, 5th, or 3rd percentile, to better identify “small 
for gestational age” (SGA) fetuses [6]. However, as com-
pared to FGR, SGA also includes most small but other-
wise healthy fetuses, which have a lower risk of abnormal 
perinatal outcomes [7]. To overcome these limitations 
and avoid false-positive and false-negative diagnoses of 
FGR, a consensus definition of placental-mediated FGR 
was proposed based on estimated fetal weight (EFW), 
abdominal circumference (AC), and abnormal Doppler 
findings of the umbilical, uterine, and middle cerebral 
arteries [1, 8]. In practice, the Hadlock formula, which is 
based on prenatal fetal ultrasound parameters, is applied 
to evaluate EFW. However, ultrasound-based EFW and 
birth weight (BW) may differ by more than 15% [9]. 
Therefore, there is an urgent need to seek more accurate 
techniques or indicators to predict FGR.

FGR is associated with pathophysiological alterations 
[10, 11], such as reduced perfusion of the maternal pla-
centa as a result of transformation of the spiral artery 
into a low-resistance vessel during placental develop-
ment [12], which is insufficient to support fetal growth. 
Functional MRI, including T2* and intravoxel incoherent 
movement, can be used to evaluate FGR-related placen-
tal dysfunction [13–15]. Several studies have shown sig-
nificant differences in shape and textural characteristics 
between healthy and growth-restricted placentas [16, 
17]. By mining a large number of quantitative features 
from medical imaging data, radiomics has the potential 
to reflect the heterogeneity of disease and can be used to 
improve the predictive accuracy of diagnosis and progno-
sis [18, 19]. Recent studies have focused on radiomics and 
machine learning techniques to evaluate the placenta. 
For instance, Dahdouh et al. [16] proposed an FGR pre-
diction model based on 23 placental shape and textural 
features. However, these features were manually selected, 
which may introduce redundancy and lead to model 
overfitting. Another study by Song et al. [20] introduced 
a radiomics-based FGR prediction model that combined 
placental radiomic features with fetal ultrasound meas-
urements. This model achieved high diagnostic accuracy 

for FGR by single-center validation. However, these stud-
ies focused only on changes in placental morphology, 
structure and texture, and did not take into account the 
effect of maternal physiological factors on fetal develop-
ment and their potential evaluation value for FGR [21, 
22].

Therefore, the aim of the present study was to develop a 
radiomics-clinical model that integrated the most repre-
sentative placental radiomics features with the Rad-score 
and the most relevant clinical factors to predict FGR. The 
accuracy of the model was verified using internal testing 
and external testing sets.

Materials and methods
The study protocol was approved by the Institutional 
Review Board of Women’s Hospital School of Medicine 
Zhejiang University (also known as Zhejiang Women’s 
Hospital, ZWH) and conducted in accordance with the 
tenets of the Declaration of Helsinki. Due to the retro-
spective design of this study, the requirement for written 
informed consent was waived.

Study population
The study cohort included pregnant women at 
28–37 weeks of gestation who underwent placental MRI 
from January 2017 to March 2024 in Hubin campus 
(n = 227), and from August 2023 to May 2024 in Xia-
oshan campus (n = 41). MR images were retrieved from a 
picture archiving and communication system, and ultra-
sound and clinical data from an electronic medical record 
system. The inclusion criteria for FGR were: 1) singleton 
pregnancy; 2) BW below the 3rd percentile of gestational 
age; 3) AC from prenatal ultrasound below the 3rd per-
centile of gestational age; 4) AC from prenatal ultrasound 
or BW below the 10th percentile of gestational age with 
an umbilical artery pulse index higher than the 95th per-
centile; and 5) no congenital malformations. The inclu-
sion criteria for the control group were: 1) singleton 
pregnancy; 2) delivery of healthy newborns; 3) no seri-
ous maternal complications during pregnancy; and 4) 
availability of placental MRI data. The exclusion criteria 
were: 1) missing delivery records; 2) insufficient clinical 
and prenatal examination data due to incomplete medical 
records; 3) treatment to improve placental microcircula-
tion during MRI and delivery; 4) poor MR image quality 
due to artifacts or motion; 5) twin or multiple pregnan-
cies; 6) placental lesions, such as placental abruption, 
placenta accreta spectrum disorders and evident placen-
tal hemorrhage; and 7) fetal malformations. The detailed 
data flow is shown in Fig. 1. Finally, 268 participants were 
selected. The 227 pregnant women from Hubin campus 
were randomly divided into the training set (n = 182) 
and internal testing set (n = 45). The 41 pregnant women 
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from Xiaoshan campus were included in external testing 
set. The clinical characteristics of the study population 
are presented in Table 1.

MRI protocol
For suspected FGR based on ultrasonography or fur-
ther confirmation of other structural abnormalities, 
MRI was performed. Placental MRI data were obtained 
in the oblique sagittal view with a field of view (FOV) 
covering the entire organ as much as possible. Partici-
pants were placed in the supine or left lateral decubi-
tus position depending on comfort level. T2-weighted 
single-shot fast self-selective echo sequences were used 
for radiomics analysis. The patients from Hubin cam-
pus used a 1.5-T SIGNA HDxt scanner (GE Healthcare, 
Milwaukee, WI, USA) with an 8-channel cardiac coil, 
and the specific parameters were as follows: repeti-
tion time, 2400  ms; echo time, 128  ms; flip angle, 90; 
matrix size, 320 × 224; FOV, 40 cm2; slice thickness, 
6–7 mm; slice gap, 0.5–1 mm; number of slices, 10–28; 
and acquisition time, 56 s. The patients from Xiaoshan 
campus used a 3.0-T Premier scanner (GE Healthcare, 
Milwaukee, WI, USA) with 30-channel body anterior 
Air coil and 60-channel spine posterior Air coil, and 
the specific parameters were as follows: repetition time, 

1500  ms; echo time, 100  ms; matrix size, 384 × 320; 
FOV, 36–38 cm2; slice thickness, 6–8  mm; slice gap, 
1–1.5  mm; number of slices, 15–32; and acquisition 
time, 50 s.

Image segmentation and extraction of radiomics features
All placental tissue images were manually segmented 
by an experienced radiologist with more than 10  years 
of experience in fetal and placental MRI using the 
open source ITK-SNAP software (version 4.0.1; http://​
www.​itksn​ap.​org/​pmwiki/​pmwiki.​php) [23]. The fea-
ture extraction process was performed using the open-
source Python package, pyradiomics (version 3.1.0, 
https://​github.​com/​AIM-​Harva​rd/​pyrad​iomics) [24]. 
To minimize the impact of heterogeneous datasets due 
to different scanners and MRI protocols, images were 
preprocessed prior to feature extraction, including nor-
malization, discretization, and resampling to a voxel size 
of 3 × 3 × 3  mm, which is recommended to improve the 
reliability and robustness of radiomics analysis. In this 
study, 1561 features of each patient were extracted, which 
included shape and the first-order and texture of the 
original images and the derived images generated using 
the wavelet and Laplacian of Gaussian filters.

Fig. 1  Flowchart of study population selection

http://www.itksnap.org/pmwiki/pmwiki.php)
http://www.itksnap.org/pmwiki/pmwiki.php)
https://github.com/AIM-Harvard/pyradiomics)
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Selection of radiomics features
First, a radiologist with more than 10  years of experi-
ence in fetal and placental MRI completed all image seg-
mentation and feature extraction, randomly selected 30 
cases, defined the first segmentation as region of inter-
est (ROI)1, and the second segmentation at one month 
later is defined as ROI2. The third segmentation is com-
pleted by another radiologist with the same qualifica-
tion, defined as ROI3. Each segmentation ROI covers 
the entire placenta of each layer image. The radiomics 
features of all ROIs were extracted to calculate the intra-
group consistency between ROI1 and ROI2, and the 
inter-group consistency between ROI1 and ROI3 [25, 
26]. Features with the intraclass correlation coefficient 
(ICC) value > 0.75 indicated satisfactory repeatability and 
were selected for further analysis.

Second, the radiomic features were preprocessed, 
including centering and scaling. Radiomics features 
may have different dimensions, thus, the differences 
between feature values may vary widely [27]. Two hun-
dred twenty-seven MR images from Hubin campus were 
assigned to training set or internal testing set at a ratio of 
8:2 by stratified random sampling. The radiomic features 

in the FGR group and the non-FGR group from training 
set were compared by the Mann–Whitney U test. After 
that, redundancy analysis of the training set was con-
ducted. First step, the normality of the features was ana-
lyzed. When the feature satisfied the normal distribution, 
Pearson correlation was be used for analysis. Otherwise, 
used Spearman’s correlation analysis. When the correla-
tion coefficient > 0.8, the system would randomly delete 
one feature and retain the other. Subsequently, least abso-
lute shrinkage and selection operator (LASSO) regres-
sion was performed, using a recursive feature elimination 
method with tenfold cross-validation to filter out features 
with non-zero coefficients as radiomics signature when 
λ = 1 times the standard error (λ1SE).The Rad-score was 
calculated for each patient using a linear combination of 
the radiomics signature weighted by the corresponding 
coefficients.

Construction and evaluation of prediction models
Based on the workflow of the tidymodels framework 
(version 1.2.0; https://​tidym​odels.​tidym​odels.​org/), eight 
machine learning algorithms (naive_Bayes, svm_rbf, rand_
forest, logistic_reg, nearest_neighbor, boost_tree, mlp, 

Table 1  Baseline characteristics of the study population in the training, internal testing, and external testing sets

ABPLH abnormal pregnancy-labor history, ABPU abnormal placenta or umbilical cord, AIP anemia in pregnancy, GD gestational diabetes, GH gestational hypertension, 
ODS oligohydramnios, PREE preeclampsia, SD standard deviation, WTgrow maternal weight grows in pregnancy

https://tidymodels.tidymodels.org/
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and decision_tree) were used to construct the prediction 
models with the selected radiomics signature. The algo-
rithm with the best AUC, brier score, and accuracy value 
was selected to construct the final radiomics model. The 
DALEXtra package (version 2.3.0; https://​model​orien​ted.​
github.​io/​DALEX​tra/) was used to explain the rank of the 
importance of the variables in the final model. Univariate 
and multivariate analyses with stepwise backward regres-
sion were performed using the autoReg package (version 
0.3.4; https://​cran.r-​proje​ct.​org/​web/​packa​ges/​autoR​eg/) 
to select the clinical factors, the factors with probability 
(p) values < 0.1 were selected for the clinical model. Finally, 
the Rad-score and the screened clinical factors were inte-
grated into a united model. Receiver operating charac-
teristic curves (ROC) were constructed for each model 
in the training set, internal testing set and external test-
ing set, and the accuracy, precision, recall and F1 score of 
the models were calculated. Subsequently, calibration and 
decision curves were constructed to further evaluate the 

performance of the united model. Also, a nomogram of 
the united model was established based on the training set. 
An overall flowchart of the study is presented in Fig. 2.

Statistical analysis
Python software (version 3.9.10; http://​www.​python.​
org) was used for image normalization and radiomics 
feature extraction, partitioning of training and internal 
testing sets, and subsequent features Mann–Whitney U 
test. The follow-up statistical analysis and image visuali-
zation were performed using R software (version 4.3.3; 
http://​www.R-​proje​ct.​org). The following packages in R 
were used: caret, glmnet, tidymodels, bonsai, parsinip, 
discrim, baguette, corrplot, DALEXtra, pROC, iBreak-
Down, vivo, ggsignif, ggpubr, RColorbrewer, autoReg, 
dplyr, rms, rmda. Continuous variables were expressed 
as mean ± standard deviation (SD) and categorical vari-
ables were summarised using counts and proportions. 
The statistical analysis included the t-Test, Chi-square, 

Fig. 2  The overall workflow of radiomics processing and model construction

https://modeloriented.github.io/DALEXtra/
https://modeloriented.github.io/DALEXtra/
https://cran.r-project.org/web/packages/autoReg/
http://www.python.org
http://www.python.org
http://www.R-project.org
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and receiver operating characteristic (ROC) curves. The 
ROC curve was analyzed to evaluate the area under the 
curve (AUC). A two-sided p value < 0.05 was considered 
statistically significant. Pearson and Spearman’s correla-
tion analysis was used in redundancy analysis. DeLong 
test was used to evaluate the performance of models.

Results
Population and cohort characteristics
Table  1 shows that there are no significant differences 
in all clinical characteristics between the training set, 
internal test set and external test set (p = 0.129–0.899). 
In total, five important clinical factors related to FGR 
were selected by univariable and multivariable analysis 
(Table 2) to construct a clinical logical regression model.

Selection of radiomic features
ICC analysis of 1561 radiomics features was per-
formed. The reliability of radiomics features with an 
ICC value < 0.75 was considered moderate to poor [26]. 
Based on this criterion, 179 and 134 features identified 
by inter- and intra-group comparisons, respectively. For 
a total of 200 features after duplication was combined, 
were excluded. while the remaining 1361 features were 
centralized and scaled. After the Mann–Whitney U test, 
609 radiomic features remained in the training set. Fol-
lowing redundancy analysis, the features with a corre-
lation coefficient > 0.8 were eliminated, resulting in 71 
non-redundant features. Then, LASSO regression using 
the tenfold cross validation method and λ1SE as the cri-
terion identified 10 features as the radiomics signature 
(Fig.  3). Finally, the Rad-score was calculated for the 

Table 2  Clinical factors selected by univariable and multivariable analysis

ABPLH abnormal pregnancy-labor history, ABPU abnormal placenta or umbilical cord, AIP anemia in pregnancy, GD gestational diabetes, GH gestational hypertension, 
ODS oligohydramnios, PREE preeclampsia, SD standard deviation, WTgrow maternal weight grows in pregnancy

Fig. 3  Best match features screening by LASSO regression. A LASSO regression cross-validation curve. B  LASSO regression path diagram. C The 
selected radiomics features and coefficient weighted values
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radiomic signature and corresponding coefficients of 
the training, internal testing, and external testing sets. 
A correlation heat map of the radiomic signature is pre-
sented in Figure S1, and the Rad-score calculation for-
mula is showed in Table S1.

Comparative study results
Waterfall plots of the Rad-score of the training, inter-
nal testing, and external testing sets are shown in Figure 
S2. Overall, FGR cases (purple) had higher Rad-scores 
than the non-FGR cases (blue). Violin-and-box (Figure 
S3) plots show significant differences (p < 0.001) in Rad-
scores between the FGR and non-FGR case. The radi-
omics model was constructed with 10 selected features 
using the workflow approach of the tidymodels pack-
age with eight machine learning algorithms and tenfold 
cross validation. Finally, compared with the ROC-AUC, 
Brier-class and accuracy (Fig.  4, Table  S2), the logistic 
regression algorithm was used in the radiomics model, 

which had the highest AUC (0.893), the lowest Brier 
score (0.128), and the higher accuracy value (0.826). By 
explained the final radiomics model using DALEXtra 
package, the importance ranking of variables was pre-
sented in Figure S4.

Next, the indices of all prediction models were com-
pared (Table  S3). The united model demonstrated the 
best performance across the training, internal testing and 
external testing sets, with AUC 0.941 (95% CI, 0.0.904–
0.977), 0.899 (95% CI, 0.789–1) and 0.861 (95% CI 0.725–
0.998), prediction accuracies 0.885, 0.844 and 0.805, 
precisions 0.871, 0.789 and 0.867, recalls 0.836, 0.833 and 
0.684, and F1 scores 0.853, 0.811 and 0.765, respectively. 
Figure 5 shows the ROC curves of each prediction model 
with the training, internal testing, and external testing 
sets. the calibration and decision curves of the united 
model are shown in Figure S5. The nomogram of the 
united model developed with the training set is presented 
in Fig. 6.

Fig. 4  Comparisons of the (A) ROC curves, (B) accuracies, Brier scores, and AUC values of the eight machine learning algorithms constructed 
radiomics model

Fig. 5  ROC curves of the clinical, radiomics, and united models with the (A) training, (B) internal testing, and (C) external testing sets
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Discussion
In this study, a placental MRI-based radiomics signature 
model and a united model based on the Rad-score com-
bined with the clinical factors were developed to predict 
FGR prenatally. After model validation and visualiza-
tion, the radiomics model using the logistic regression 
obtained the highest evaluation indices. The waterfall 
plot and violin box plot show that Rad-score has a high 
ability to identify FGR. Compared with the radiomics 
signature model, the performance of the united model 
in predicting FGR was further improved. The calibration 
curve showed that the model fitting line was basically 
consistent with the diagonal line, and the decision curve 
showed that the net gains of the united model with the 
training, internal testing, and external testing sets were 
much higher than the treat-all and treat-none lines. The 
developed nomograms facilitated clinical application and 
decision-making of the united model.

Generalization of machine learning-based models is 
key. In clinical practice, FGR assessment models based 
on retrospective analysis are needed to predict future 
outcomes. However, it is difficult to fully validate the 
generalization ability of the model only with training 
and internal testing sets that are derived from the same 
MR images. Therefore, an external testing set with dif-
ferent scanners and parameters is used to more compre-
hensively validate the effectiveness and generalization of 
each model.

In the placenta, the T2 value reflects the volume frac-
tion of the maternal and fetal blood and villous tissue, as 
well as the magnetic field spatial changes of each voxel, 
and Oxyhemoglobin have slightly diamagnetic (nega-
tive), magnetic susceptibility, whereas deoxyhemoglobin 
has paramagnetic (positive) magnetic susceptibility [28]. 
Therefore, any spatial variations in the concentration of 
deoxyhemoglobin due to changes in placental blood flow 
perfusion could lead to the changes of T2 value in the 
placental magnetic resonance images.

Radiomics analysis of the T2-weighted sequence was 
conducted to identify placenta-based features, while ICC 
analysis was performed to eliminate unstable features 
caused by differences in the ROI by artificial segmenta-
tion, thereby enhancing robustness. The diagnostic crite-
ria for FGR was adopted from the consensus definition of 
fetal growth restriction [8], the International Federation 
of Gynecology and Obstetrics initiative on fetal growth 
[1], and more accurate BW reference data based on a 
Chinese population [29] rather than the unreliable EFW. 
The reference data for fetal abdominal circumference 
corresponding to gestational age were also based on an 
Asian population [30]. The umbilical artery pulse index 
refers to the standards established by the Fetal Medicine 
Foundation [31]. The above reference criteria ensured the 
accuracy of the dependent variables of the model.

Ultrasound is a commonly used method for monitor-
ing of fetal development monitoring and screening of 
diseases in clinical practice [32]. However, fetal-based 

Fig. 6  Nomogram of the united model developed with the training set
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measurements obtained by ultrasound do not guarantee 
accurate assessment of FGR [33]. Therefore, more effec-
tive detection tools and prediction methods are needed. 
Various placental-based radiomics features have been 
proposed to complement fetal-based measurements to 
predict FGR [16, 17, 20]. Clinically, the physical foun-
dation of the pregnant woman, in addition to the fetus 
and placenta, also affects fetal development [21, 22]. The 
nomogram constructed in this study showed that the risk 
of FGR increased with decreasing maternal height and 
weight. Therefore, the radiomics signature combined 
with easily accessible maternal clinical characteristics can 
improve the prediction capabilities of the model.

In this study, the FGR prediction united model based 
on placental MRI radiomics features and clinical factors 
obtained high ROC-AUC, accuracy, precision and F1 
scores, reflecting the good efficacy of the model.

Limitations
This study included only T2-weighted sequences in the 
MRI-based radiomics analysis, thereby overlooking the 
potential contributions of multimodal or multi-sequence 
imaging in assessing FGR. Additionally, the study did not 
differentiate between early and late-onset FGR, which 
could have resulted in variations in placental texture. 
Furthermore, the study was constrained by the limited 
variety of MRI equipment manufacturers. The study 
cohort was also relatively small. Consequently, a larger 
testing set is required to confirm the generalizability of 
the proposed model.

Conclusion
The machine learning model based on placental MRI 
features performed well. The inclusion of the clinical 
characteristics of pregnant women further improved the 
ability of the model to predict FGR. The proposed model 
is suitable for use in clinical practice.
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