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Deep learning model for predicting gestational age after the first trimester using fetal MRI

Original Research

Abstract

Objectives: To evaluate a deep learning model for predicting gestational age from fetal brain MRI acquired
after the first trimester in comparison to biparietal diameter (BPD).

Materials and methods: Our Institutional Review Board approved this retrospective study, and a total of
184 T2-weighted MRI acquisitions from 184 fetuses (mean gestational age: 29.4 weeks) who underwent
MRI between January 2014 and June 2019 were included. The reference standard gestational age was
based on the last menstruation and ultrasonography measurements in the first trimester. The deep learning
model was trained with T2-weighted images from 126 training cases and 29 validation cases. The remaining
29 cases were used as test data, with fetal age estimated by both the model and BPD measurement. The
relationship between the estimated gestational age and the reference standard was evaluated with Lin’s
concordance correlation coefficient (pc) and a Bland-Altman plot. The pc was assessed with McBride’s
definition.

Results: The pc of the model prediction was substantial (oc = 0.964), but the pc of the BPD prediction was
moderate (pc = 0.920). Both the model and BPD predictions had greater differences from the reference
standard at increasing gestational age. However, the upper limit of the model’'s prediction (2.45 weeks) was
significantly shorter than that of BPD (5.62 weeks).

Conclusions: Deep learing can accurately predict gestational age from fetal brain MR acquired after the

first trimester.
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Key points:

® The prediction of gestational age using ultrasound is accurate in the first timester but becomes
inaccurate as gestational age increases.

® Deep learning can accurately predict gestational age from fetal brain MRI acquired in the second and
third trimester.

® Prediction of gestational age by deep learing may have benefits for prenatal care in pregnancies that

are underserved during the first trimester.

List of all abbreviations
BPD: biparietal diameter, CNN: convolutional neural network, Cl: confidence interval, pc: Lin’s concordance

correlation coefficient, DICOM: Digital Imaging and Communications in Medicine



Introduction

Accurate prediction of gestational age is essential for determining the appropriate treatment and
management of pregnancies [1]. The last menstruation and ultrasonography findings are usually used to
predict gestational age [2,3], with determination of gestational age on ultrasonography being based on head
circumference, abdominal circumference, biparietal diameter (BPD), and femoral length. The prediction of
gestational age using ultrasound is accurate in the first trimester but becomes inaccurate as gestational age
increases [1]. It has been reported that the error range in the first trimester is within 1 week, but that it
increases to 1-2 weeks in the second trimester and 3 weeks to 1 month in the third trimester [1]. Accurate
determination of gestational age is fundamental to obstetric care and can have a positive effect on
pregnancy outcomes. In a previous study, women receiving routine ultrasonography during the first trimester
had significantly less need for post-term inductions than women receiving ultrasonography during only the
second trimester [4]. Prediction of gestational age by ultrasound after the first trimester may overestimate the
gestational age and causes unnecessary post-term inductions. Therefore, there is a need for an accurate
method of estimating gestational age after the first trimester.

Deep learning is a type of machine learning that uses a computational model composed of multiple
processing layers to enable automated classification of items in a dataset [5,6]. Convolutional neural
networks (CNNs) are a commonly used deep learming method for performing image analysis, and they are
suitable for medical image recognition tasks [7—12]. CNNs have been shown to be able to accurately predict
the age of adult subjects from brain MRI [13,14].

As the shape of the fetal brain changes with gestational age [15], we hypothesized that gestational age
could be predicted from fetal brain MRI using a CNN-based deep learning model than using BPD. The
purpose of this study was to evaluate the use of a deep learning model for determining gestational age from

fetal brain MRI acquired after the first trimester in comparison with BPD.



Materials and Methods
Study Participants

Our institutional review board approved this study and waived the requirement for written informed consent
because of its retrospective nature. Two hundred twenty-five consecutive fetal MRI acquisitions obtained for
imaging diagnosis at our institution between January 2014 and June 2019 were included. The exclusion
criteria were a lack of clinical data, fetuses in the first trimester, fetuses with congenital malformation before
and after birth, and the examination’s status as a second or subsequent MRI. If a fetus underwent multiple
MRI examinations, only the images obtained during the first MRI examination were used. A flow chart
summarizing the inclusion and exclusion criteria is presented in Fig. 1. The reference standard gestational
age was estimated from the last menstruation date and the ultrasonography measurements in the first
trimester performed by the pregnant mother’s referring obstetrician. The reasons why the clinical fetal MRI
scans were requested are given in Table 1. The fetal MRI dataset was divided into three separate subsets: a
training dataset used to optimize the model parameters, a validation dataset used to tune the model
hyperparameters, and a test dataset used to evaluate the performance of the model relative to the reference
standard. Two-thirds of the dataset were used as training data, one-sixth as validation data, and one-sixth as

test data, with similar age distributions present in each group.

Image Preprocessing

The images were acquired with multiple platforms, as follows: 170 images on Achieva (1.5T, Philips
Healthcare), 6 images on SIGNA EXCITE (1.5T, GE Healthcare), 3 images on Ingenia (3T, Philips
Healthcare), 2 images on Signa Voyager (1.5T, GE Healthcare), 1 image on Intera (1.5T, Philips Healthcare),
1 image on Avanto (1.5T, Siemens Healthineers), and 1 image on SymphonyTim (1.5T, Siemens

Healthineers). Image evaluation was performed on axial single-shot fast spin echo T2-weighted images of



the fetal brain at the level of the thalamus and septum pellucidum, with the imaging parameters including a
slice thickness of 2-8 mm, a matrix size of 256 x 256 to 640 x 640, and a median field of view of 400 mm
(range, 150—-600 mm). If the image was oblique or the anatomical structure was unclear because of fetal
movement, the image closest to the level of the thalamus and septum pellucidum was selected (with
reference to the shape of the lateral ventricles). The percentage of images that were oblique or contained
artifacts was also recorded. For the deep learning, the images were converted from Digital Imaging and
Communications in Medicine (DICOM) format to Tagged Image File format images of 512 x 512 pixels.

Then, Labellmg software (ver. 1.8.3; https:/github.com/tzutalin/labellmg) was used to crop a square area

around the fetal head at the level of the thalamus and septum pellucidum, and the cropped images were
scaled to 150 x 150 pixels by the nearest neighbor resizing method. The median x-axis value per pixel was
0.60 mm (range, 0.18-0.81 mm), and the median y-axis value was 0.56 mm (range, 0.14—1.17 mm). For the
test dataset, BPD was measured on MRI in the same way as it was measured on ultrasonography, with
BPD defined as the diameter from the outer edge of the calvaria to the inner edge of the opposite side of the
calvaria on the axial plane traversing the thalamus and septum pellucidum. The conversion table used to
calculate gestational age from BPD measured on ultrasonography examinations was also applied to the

BPD measurements made on MRI [16].

Model Implementation

In this study, we developed a deep learning regression model that used fetal MRI as the input data and
predicted gestational age (Fig. 2). To improve generalizability, VGG16, a discrimination model pre-trained
with images used in the Large Scale Visual Recognition Challenge 2014, was modified for regression and
used for transfer leaming [17,18]. All processing was performed on a PC without a discrete graphics
processing unit (CPU: Ryzen 5 Pro 3500U 2.1 GHz, 16 GB RAM). Python (3.7.6) (http:/www.python.org)

was used as the programming language, and Keras 2.2.4 (https://github.com/fchollet’keras) and TensorFlow


https://github.com/tzutalin/labelImg

1.15.4 (http:/tensorflow.org/) were used as the deep learning framework. To normalize the data values, the
input images’ pixel values were treated as integer values of 0256 inside the program, and they were
divided by 256 to convert them to continuous values of 0—1. The output (weeks) was also divided by 40. The
input layer of the pre-trained VGG16 was resized to 150 x 150 pixels to match the size of the fetal MR
images, the sigmoid layer just before the output layer was changed to a linear activation layer, and the output
dimension was changed to 1. Transfer leaming was performed with freezing of the trainable parameters in
13 layers of the VGG16 network, including the convolutional layer. Mean absolute error was used as the
regression loss function, and stochastic gradient descent was used as the optimizer (leaming rate = 0.0001).
The modified VGG16 network was trained using a batch size of 1 and up to 50 epochs. Training was
completed when the loss on the validation set did not improve, and predictions were then performed on the
test data after fixing the model. In every epoch, 126 images were used for the training. These images were
augmented by rotations (-180°—180°), vertical or horizontal flipping, and 0.8—1.2% zooming to avoid
overfitting during training [8]. Finally, the trained model was used to predict the gestational age of the fetuses

in the test dataset, and the results were denormalized.

Statistical Analysis

The gestational age as predicted by the model or BPD was compared with the reference standard using
Lin’s concordance correlation coefficient (pc) and assessed according to McBride’s definition, as follows:
less than 0.9, poor; 0.90-0.95, moderate; greater than 0.95-0.99, substantial; greater than 0.99, almost
perfect [19]. We used Lin’s concordance correlation coefficient to evaluate the concordance according to
previous studies [19-22]. To evaluate any systematic bias, the gestational age predicted by the model or
BPD was compared with the reference standard using a Bland-Altman plot. All analyses were conducted

with MEDCALC (version 19; https://www.medcalc.org/).
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Results

Atotal of 184 T2-weighted MRI acquisitions from 184 fetuses were included. The mean fetal gestational
age was 29.4 weeks (range, 14.0-41.4 weeks), and 25% (n = 46) and 75% (n = 138) were in the second
and third trimesters, respectively. The distribution of gestational age is shown in Fig. 3. There were no
apparent anomalies in all 184 fetuses. The 184 images were randomly divided into a training dataset of 126
images (68.4%), a validation dataset of 29 images (15.8%), and a test dataset of 29 images (15.8%). The
gestational age distribution was very similar across the datasets (Table 2). Fig. 4 shows the typical trimming
of fetal MR images and the results of the model. Out of the 184 total images, 100 (54.3%) were oblique and
31 (16.8%) contained artifacts, with 23 images (12.5%) both being oblique and containing artifacts, resulting
in an overall total of 108 images (58.7%) that were oblique and/or contained artifacts. The pc values for the
agreement in predicted age with the reference standard are shown in Fig. 5. The agreement between the
model prediction and the reference standard was substantial (pc = 0.964, 95% confidence interval [CI]:
0.928-0.982), whereas the agreement between the BPD prediction and the reference standard was
moderate (pc = 0.920, 95% CI: 0.845-0.959), although the 95% Cls overlapped. Bland-Altman plots
illustrating the difference between the model or BPD prediction and the reference standard are shown in Fig.
6. The model prediction was 0.43 £ 1.47 (mean + standard deviation, 95% CI: 0.13-0.99) weeks shorter
than the reference standard, whereas the BPD prediction was 0.97 + 2.37 (95% CI: 0.07-1.87) weeks
longer. Compared with the model predictions, BPD predictions tended to show larger errors with increasing
gestational age. The lower limit of agreement between the model prediction and the reference standard
(=3.31, 95% Cl: -4.27 to —2.34) was almost the same as the lower limit of agreement between the BPD
prediction and the reference standard (-3.67, 95% CI: -=5.23 to —2.11). The upper limit of agreement
between the model prediction and the reference standard (2.45, 95% CI: 1.48-3.41) was smaller than the

upper limit of agreement between the BPD prediction and the reference standard (5.61, 95% CI: 4.06—7.18).



Discussion

Gestational age prediction is essential for perinatal management, but the prediction of gestational age by
ultrasonography is not accurate after the first trimester [1]. We predicted the gestational age from fetal brain
MRI after the first trimester using a deep learning model and BPD. The agreement between the model
prediction and the reference standard was substantial, but the agreement between the BPD prediction and
the reference standard was moderate. These results suggest that the deep learing method could be useful
for predicting gestational age from fetal brain MRI, and that the method may be useful for evaluation of fetal
development.

Wau et al. predicted gestational age in the third trimester by measuring cortical folding on fetal MRI and
found a mean error of 0.43 weeks [23]. However, their computation of three-dimensional measurements
required detailed brain segmentation and was weak in relation to motion artifacts such as fetal movement. In
our study, we used T2-weighted images routinely acquired on fetal MRI and did not need additional images.
Although 58.7% of the images were oblique or contained artifacts, the prediction of gestational age was
accurate. The prediction of gestational age from fetal brain MRI with deep learning has the advantages that
there is no need for additional images and that it is robust against fetal movement. Although there can be
difficulties ensuring adequate quality in fetal MRI because of fetal movement and time constraints, the
relatively high accuracy of predictions under such conditions demonstrates the versatility of deep learning. In
addition, gestational age could be predicted not only in the third trimester, but also in the second trimester.
Recently, motion-corrected fetal brain reconstruction methods have been used [24]. Using these methods
may improve the image quality and the accuracy of deep learning evaluations.

The difference between the reference standard and the gestational age predicted by BPD increased with
increasing gestational age. As can be seen in Fig 6, the model prediction was 0.43 (95% Cl: —0.13-0.99)
weeks shorter than the reference standard, whereas the BPD prediction was 0.97 (95% CI: 0.07-1.87)

weeks longer. The standard deviation of the differences between the model and the reference standard was



1.47 weeks, which was smaller than the 2.37 weeks of BPD. The lower limit of agreement between the
model prediction and the reference standard was —3.30 (95% Cl: —4.27 to —2.34) weeks, which was almost
the same as that for BPD: —3.67 (95% CI: —=5.23 to —2.11) weeks. In contrast, the upper limit of agreement
between the model prediction and the reference standard was 2.45 (95% Cl: 1.48-3.41) weeks, which was
smaller than that for BPD: 5.62 (95% ClI: 4.06—7.18) weeks. Therefore, the model prediction has less
variability and may reduce the risk of inappropriate pregnancy management.

In this study, we excluded images acquired in the first trimester. In the first trimester, it is often difficult to
identify the head on fetal MRI, and gestational age can be predicted with sufficient accuracy by
ultrasonography. However, as gestational age increases, it becomes more difficult to predict the gestational
age by ultrasound. Deep learning can predict the gestational age more accurately from fetal brain MR
acquired after the first trimester. Although such cases are very rare, for those who are not screened for
gestational age during the first trimester and are only tested during the second or third trimester, deep
learning may provide better obstetric care for pregnancy. In addition, the prediction of gestational age using
deep leamning is a different and a novel indicator of fetal development. Ultrasound is the first choice for fetal
evaluation, and MRI should be performed in addition to ultrasound [25,26]. The prediction of gestational age
using MRl is currently not considered as standard practice [26]. However, the findings of this study indicate
that deep learning using MRI in the evaluation of gestational age has great future potential. Regarding the
safety of MR, in a large-scale epidemiological study in Canada, abnormalities did not occur in fetuses in the
first, second, or third trimesters [27].

Our study has several limitations. First, the deep learning model used in this study was trained and tested
using only a small number of images. The same combination of scanner manufacturer and magnetic field
strength was used for 92% of the images, which means that the diversity of the dataset is not sufficient to
evaluate its applicability to other combinations. In addition, many of the images were from the first half of the

third trimester, and deep learning may be applied to MR images acquired during this period. By increasing



the number of images, variation of scanner manufacturer, and magnetic field strength, deep learing
predictions may gain further robustness. Second, we analyzed fetuses that had no brain abnormalities after
birth, but some potential abnormalities may still have existed. Third, it is not apparent where the deep
learning model was ‘looking’ (i.e., focusing its attention) to predict gestational age. However, all of the images
used in this study were cropped around the fetal head and unified to a resolution of 150 x 150 pixels.
Therefore, head size information was not directly reflected in the predictions of the model. Hence, it is likely
that the model assessed brain morphology rather than size. Fourth, we only evaluated normal fetal brains
and have not examined whether deep learning can evaluate abnormality in the fetal brain. Therefore, the
model cannot be applied to fetuses with brain abnormalities, and also, the clinical significance of fetal
abnormalities found in deep learming has not been examined. Fifth, although several parameters (such as
BPD and head circumference) can assist in predicting the gestational age, it was difficult to measure
anything other than BPD because of fetal movement or oblique images on MRI. A previous study has shown
that BPD measured on MRI was significantly correlated with the gestational age [28]. Sixth, in this study, if
the image was oblique, the image closest to the level of the thalamus and septum pellucidum was selected
(with reference to the shape of the lateral ventricles). We carefully measured and tried to obtain a value close
to the true BPD, but it may have been different from the BPD measured by ultrasound. Lastly, we measured
BPD on MR, not on ultrasound. This was because ultrasound examinations were not performed at the
same time as the MRI examinations, making it difficult to perform clear comparisons. However, Matthew et
al. [25] reported that BPD measurement on MRI produced good/excellent intraobserver agreement with
higher intra-class correlation coefficients than that on ultrasound. Based on that report, we speculate that
BPD prediction with MRI might be similar to that with ultrasound. It would be better if future studies could
compare the results between both types of scans obtained at the same time.

In conclusion, we demonstrated that deep learning could predict gestational age from fetal brain MRI after

the first trimester and could do so with high accuracy. Prediction of gestational age by deep learning may

10



have a positive effect on prenatal care for pregnancies that are underserved during the first trimester.
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Table 1: Summary of main reasons for conducting fetal MRI (n = 184).

Table 2: Fetal background summary of training data, validation data, and test data.

* Mean + standard deviation

Fig. 1: Study flowchart.

Fig. 2: VGG16 classification model modified for regression.

Fig. 3: Gestational age distribution (cases per week).

Fig. 4: Examples of brain image trimming and results of deep learmning. a Fetal brain MR image with artifact
at 14.3 weeks of gestation is predicted to be 13.0 weeks by deep learmning. b Fetal brain MR image at 28.0
weeks of gestation is predicted to be 28.0 weeks by deep learning. ¢ Fetal brain MR image at 34.3 weeks of

gestation is predicted to be 34.6 weeks by deep learning. This slice was determined to be oblique.

Fig. 5: Scatterplots and regression lines showing the correlation between predictions from the model or
biparietal diameter (BPD) and the reference standard. The Lin’s concordance correlation coefficients of the
model and BPD were 0.964 (95% confidence interval [Cl]: 0.928-0.982) and 0.920 (95% ClI: 0.845-0.960),

respectively.

Fig. 6: Bland-Altman plots comparing gestational week predictions between the model or biparietal diameter
(BPD) and the reference standard. The solid line represents the mean error, and the dashed lines represent

the 95% confidence interval (CI). The deep learning model and BPD predicted the gestational age of the
16



fetuses after the first timester with mean errors of —0.43 £ 1.47 (mean + standard deviation, 95% CI: —0.99—
0.13) weeks and +0.97 £ 2.37 (95% CI: 0.07-1.87) weeks, respectively. The lower limit of agreement
between the model prediction and the reference standard (-3.31, 95% Cl: —4.27 to —2.34) was almost the
same as the lower limit of agreement between the BPD prediction and reference standard (-3.67, 95% ClI:
-5.23 to —2.11). The upper limit of agreement between the model prediction and reference standard (2.45,
95% Cl: 1.48-3.41) was smalller than that between the BPD prediction and reference standard (5.62, 95%

Cl: 4.06-7.18).
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Table 1: Summary of main reasons for the fetal MRI (n=184)

Reason for MRI Number (%)
Umbilical cord / placental abnormalities 58/184 (32%)
Fetal abnormalities 271184 (15%)
Pregnancy after uterine surgery 25/184 (14%)
Uterine abnormalities 20/184 (11%)
Ovarian mass 19/184 (10%)
Multiple pregnancy 9/184 (5%)
Hydramnios, Oligohydramnios 8/184 (4%)
Threatened premature delivery 8/184 (4%)
Abnormalities in pregnant women 8/184 (4%)

Other

2/184 (1%)




Table 2: Fetal background summary of training data, validation data, and test data.

Characteristic Training data Validation data Test data
Total Number 126 29 29
Gestational Age (weeks)* 295+6.1 29.1+6.0 203+58
Second trimester 31 (25%) 8 (28%) 7 (24%)
Third trimester 95 (75%) 21 (72%) 22 (76%)

* Mean + standard deviation
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