
npj | digitalmedicine Article
Published in partnership with Seoul National University Bundang Hospital

https://doi.org/10.1038/s41746-025-01704-0

Predicting abnormal fetal growth using
deep learning
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Ultrasound assessment of fetal size and growth is the mainstay of monitoring fetal well-being during
pregnancy, as being small for gestational age (SGA) or large for gestational age (LGA) poses significant
risks for both the fetus and the mother. This study aimed to enhance the prediction accuracy of
abnormal fetal growth. We developed a deep learning model, trained on a dataset of 433,096
ultrasound images derived from 94,538 examinations conducted on 65,752 patients. The deep
learningmodel performed significantly better in detecting bothSGA (58%vs70%) andLGAcompared
with the current clinical standard, the Hadlock formula (41% vs 55%), p < 0.001. Additionally, the
model estimates were significantly less biased across all demographic and technical variables
compared to the Hadlock formula. Incorporating key anatomical features such as cortical structures,
liver texture, and skin thickness was likely to be responsible for the improved prediction accuracy
observed.

Ultrasound assessment of fetal size and growth is the mainstay of mon-
itoring fetal well-being during pregnancy, as being too small (Small for
Gestational Age, below the 10th percentile) or too large (Large for Gesta-
tional Age, above the 90th percentile) poses significant risks for both the
fetus and themother1,2. Specifically, the early identification of abnormal fetal
growth is critical in mitigating the risk of stillbirth3,4 and ensuring favorable
perinatal outcomes5. Throughout the past 40 years, the standard practice for
identifying abnormal fetal growth has been ultrasound-based estimates of
fetal biometry using theHadlock formula. Yetonly about half of all SGAand
LGA fetuses are correctly identified using this method, resulting in missed
opportunities to mitigate the risk of adverse outcomes through appropriate
obstetric management6–9. Moreover, the accuracy of the scans remains
subject to considerable variability due to differences in patient character-
istics and thequality of ultrasoundequipment, thereby exacerbating existing
health inequalities10.

New deep learning technologies offer the potential to harness features
from ultrasound images, providing more accurate fetal weight estimates
than existing methods that are based on simple fetal biometry
measurements11.Deep learning is a subsetof artificial intelligence (AI) that is
particularlywell-suited for image analysis, especiallywhen large-scale image
and outcome data are available for training and testing these models. For

example, deep learning has been used for standard plane classification12,
placenta segmentation10, gestational age estimation13, and neurosono-
graphic diagnostic support14 to mention a few. Existing approaches to fetal
growth assessment have focused on automated biometrymeasurements15,16,
utilizing maternal characteristics17,18, or a combination of maternal factors
and fetal biometry measured by clinicians19,20. However, these approaches
often fail to capture the extensive additional details present in ultrasound
images, such as subcutaneous fat, organ texture, and fetal brain convolutions
that may further inform growth estimates21–23.

In this study, we aimed to investigate the potential of deep learning for
improving the accuracy and precision of fetal weight estimation in clinical
practice based on images alone. Ourmodel was trained on population-wide
data to estimate the fetalweight.Wecompared these estimates to the current
clinical standard practice using the Hadlock formula24 and various com-
monly used growth curves25–27. By also determining anatomical features of
importance to the model estimate, we were able to point out directions for
defining different sub-types and etiologies of abnormal fetal growth.

Results
We trained a deep learningmodel to estimate fetal weight based on 433,096
images from 94,538 examinations performed on 65,752 patients. Themean
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gestational age, in weeks, in the train and test sets was 30 ± 6.1 and 34 ± 3.2,
respectively, and the mean gestational age at birth was 40 ± 1.6. The mean
maternal age was 31.5 ± 5.26 years, BMI was 24.4 ± 5.6, 40.7% were nulli-
parous, and 59.3%weremultiparous. Further baseline demographics for the
training set can be found in Supplementary Table 1.

Detection rate and classification
The model significantly improved the sensitivity of SGA and LGA com-
pared with Hadlock estimates based on clinician-performed fetal biome-
tries. At the fixed specificity inherent to the Hadlock formula, the model’s
sensitivity for SGAwas 70% (0.69, 0.71) vs. 58% (0.56, 0.59) for theHadlock
formula at a specificity of 91%. Similarly, for LGA detection, the model
sensitivity was 55% (0.53, 0.57) vs. 41% (0.40, 0.43) for theHadlock formula
at a specificity of 96%. In Fig. 1 the ROC curve is shown for the model and
Hadlock for the SGA and LGA groups.

Relative error
To validate weight predictions, birth weight is translated to fetal weight at
scan time using one of three commonly used growth curves (Marsál,
INTERGROWTH, andWHO).The relative errors between fetalweight and
predictions obtained from theHadlock formula and themodel are shown in
Table 1. The relative errors for the model and Hadlock are reported across
demographic confounders such as BMI, parity, ethnicity, and ultrasound
machine model in Table 2. These results reveal three significant observa-
tions. First, the model surpasses the Hadlock formula in all categories.
Secondly, the model displays higher consistency, as indicated by smaller
standard deviations. Finally, ourmodel ismore robust against demographic
biases and other confounders than the Hadlock formula regardless of the
growth curve used, with lower errors across all subgroups. These differences
in performance between the two methods were found to be statistically
significant, with a two-sample Welch’s t-test yielding p-values < 0.0001 for
SGA, AGA, and LGA, with effect sizes ranging from trivial for Appropriate
for Gestational Age (AGA) to moderate for Large for Gestational
Age (LGA).

Uncertainty estimation
We quantified the uncertainty associated with the growth estimates and
observed a good fit for 98% of the data with predicted uncertainty in the
range between 20 and 130 SD of 10 different estimates. We divided the
estimated uncertainty into bins and found a linear relation between the
standard deviation of the errors and the predicted uncertainty. An example
of the model output is provided in Fig. 2. Further examples can be found in
Supplementary Material E.

Analysis of pixel-level information
To assess whether the model used information beyond the fetal biometry
used by the Hadlock formula, a total of 1800 heatmaps (see Supplementary
Material E) (600 transthalamic, 600 transabdominal, and600 femur images)
were analyzed by two fetal medicine experts (MGT, CTV), Fig. 3. The
analysis showed that certain anatomical features were of particular impor-
tance to themodel predictions. For the transthalamic view of the fetal brain,
we found that the brain area and cortical structures were of importance. For
the transabdominal plane,we found that the texture of the liver and the skin
was of importance. Finally, for the images of the fetal femur, the proximal
and distal epiphyses as well as the subcutaneous thickness of the medial
thigh were of importance. A complete overview can be found in Supple-
mentary Table 3.

Discussion
We present a deep learningmodel for fetal growth estimation that, utilizing
a comprehensive dataset, demonstrates superior sensitivity compared to
existing best practices in identifying LGA and Small for Gestational Age
(SGA) fetuses.

The clinical significance of improved detection of SGA and LGA
fetuses is substantial, as abnormal growth remains a core challenge in
obstetric management4. Notably, inaccuracies in fetal biometry measure-
ments can significantly impact EFW, with evenminor measurement errors
potentially altering crucial clinical management decisions28. Our deep
learning approach represents a valuable advancement in addressing these
challenges and optimizing perinatal care.

To reduce variability in estimating fetalweight, strategies have included
pinpointing pregnancies at risk, improving ultrasound proficiency among
clinicians, and automating fetal biometry measurements6,10,16,29. Yet, these
methods depend on a limited set of variables (risk factors, biometric mea-
surements), neglecting other potentially significant features that could
improve predictive performance. Our deep learning model surpasses cur-
rent clinical practice, likely because it integrates a broader array of pixel-level
features from ultrasound images than conventional fetal biometrics. Sal-
iency maps revealed that our model identifies key anatomical features for
accurately predicting fetal weight. These features, including subcutaneous
fat30,31, liver texture23, and cortical structures22 have been explored in pre-
vious smaller studies primarily using MRI or 3D ultrasound32. However,
their integration into routine clinical practice has been hindered until now
by the need for simplistic, time-efficient measures and by the extensive
training required for clinicians when introducing new measurement prac-
tices. In this study, we apply deep learning algorithms to automate the
analysis of pixel-level information from key anatomical features, enhancing

a b

Fig. 1 | ROC curve analysis. a, bROC curve comparison for classification of (a) Small for Gestational Age (SGA) and (b) Large for Gestational Age (LGA). The total number
of samples was 31,386, of which 6152 were SGA and 3270 were LGA.
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their predictive value without additional time, imaging, or training
requirements for clinicians. This advancement not only streamlines the
diagnostic process but also enables the exploration of specific phenotypes
associated with abnormal fetal growth, linking these directly to their
underlying pathophysiology. For instance, better identification of fetuses
with excessive subcutaneous fat may improve detection rates of maternal
gestational diabetesmellitus (GDM)even in the absence of LGA33. Similarly,

identifying subtypes of SGA growth patterns could help differentiate
between fetuses at risk of adverse outcomes and those who are con-
stitutionally small but healthy.

There are other anatomies that may hold even greater potential for
predicting accurate fetal weight, such as subcutaneous thickness of the fetal
humerus or the fetal pancreas volume34,35. However, in this study, we
focused on comparing a deep learning based approach to estimating fetal
weight without introducing additional requirements to the planes used for
the growth scan.

Additionally, our method addresses the frequently neglected aspect of
uncertainty in fetal weight estimation, a factor that can lead to unwarranted
diagnostic tests, obstetric procedures, and subsequent ultrasound assess-
ments, ultimately inflating healthcare expenses36. By offering uncertainty
metrics alongside weight predictions, our model supports more nuanced
clinical decision-making. This enhancement allows clinicians to assess
management strategies with a clear understanding of the certainty level
regarding the fetal size relative to gestational age, prompting a specialist
follow-up if the uncertainty is high. Moreover, having the opportunity to
share uncertainty in these estimates with patients may contribute to shared
decision-making and improved patient involvement in management stra-
tegies. However, it is important to note that our approach does not accu-
rately measure error for different images within the same examination.
Addressing this limitation requires further research aimed at identifying

Table 1 | Mean Relative Error of Estimated Fetal Weight Using
the Hadlock Formula and the Model

SGA (N = 6152) AGA (N = 21,964) LGA (N = 3270)

Hadlock
MRE [%]

9.12 ± 7.68 7.14 ± 5.38 9.57 ± 6.71

Model MRE [%] 7.31 ± 6.47 6.49 ± 5.02 7.31 ± 5.71

p-value < 0.0001 < 0.0001 < 0.0001

Effect size—
Cohen’s d

0.25 0.12 0.36

Mean Relative Error (MRE) of Estimated Fetal Weight (EFW) ± standard deviation using Hadlock
formula and Model on the test set. Columns denote 3 groups - Small for Gestational Age (SGA),
Appropriate for Gestational Age (AGA), and Large for Gestational Age (LGA) for those with
birthweights below, between, and above the 10th and 90th percentile, respectively.

Table 2 | Comparison of model and Hadlock, using three different growth curves: Maršál, Intergrowth, and WHO

Maršál Intergrowth WHO

Strat val/range N Model Hadlock p-val Model Hadlock p-val Model Hadlock p-val

All – 31386 6.74 ± 5.42 7.78 ± 6.12 <0.0001 7.71 ± 6.28 8.73 ± 6.98 <0.0001 6.86 ± 5.74 7.90 ± 6.41 <0.0001

GA 196–224 7301 8.29 ± 6.32 9.12 ± 6.70 <0.0001 9.00 ± 7.26 9.59 ± 7.52 <0.0001 8.22 ± 6.71 8.70 ± 6.86 <0.0001

224–259 18296 6.47 ± 5.18 7.53 ± 6.07 <0.0001 7.57 ± 6.12 8.79 ± 7.07 <0.0001 6.68 ± 5.53 7.86 ± 6.47 <0.0001

259–294 5789 5.61 ± 4.44 6.89 ± 5.20 <0.0001 6.49 ± 5.06 7.44 ± 5.71 <0.0001 5.70 ± 4.62 7.02 ± 5.42 <0.0001

BMI <18.5 3000 6.84 ± 5.57 7.46 ± 5.81 <0.0001 7.57 ± 6.26 8.25 ± 6.79 <0.0001 7.13 ± 6.09 7.74 ± 6.37 0.0001

18.5–25 15063 6.60 ± 5.37 7.60 ± 6.03 <0.0001 7.41 ± 6.07 8.49 ± 6.81 <0.0001 6.80 ± 5.66 7.78 ± 6.31 <0.0001

25–30 7192 6.72 ± 5.37 8.09 ± 6.05 <0.0001 7.81 ± 6.38 9.00 ± 6.89 <0.0001 6.66 ± 5.62 7.88 ± 6.11 <0.0001

30–35 4166 6.78 ± 5.29 8.03 ± 6.47 <0.0001 7.90 ± 6.43 9.02 ± 7.34 <0.0001 6.81 ± 5.57 8.19 ± 6.80 <0.0001

35 < 1965 7.55 ± 5.96 8.03 ± 6.70 0.0184 9.36 ± 6.90 9.61 ± 7.97 0.2947 7.74 ± 6.48 8.49 ± 7.38 0.0007

Parity 1 12995 6.67 ± 5.40 7.74 ± 6.26 <0.0001 7.66 ± 6.25 8.71 ± 7.12 <0.0001 7.14 ± 6.00 8.29 ± 6.87 <0.0001

1 < 18391 6.79 ± 5.43 7.82 ± 6.02 <0.0001 7.74 ± 6.31 8.73 ± 6.89 <0.0001 6.66 ± 5.54 7.63 ± 6.05 <0.0001

Conception FER 49 4.28 ± 3.18 8.41 ± 7.60 0.0008 5.68 ± 4.38 6.24 ± 8.43 0.6825 5.52 ± 4.39 6.17 ± 6.90 0.5790

ICSI 512 5.99 ± 4.96 7.49 ± 5.36 <0.0001 6.68 ± 5.60 8.49 ± 5.85 <0.0001 6.37 ± 5.56 8.47 ± 5.90 <0.0001

IVF 1133 7.01 ± 5.87 8.41 ± 6.27 <0.0001 8.49 ± 7.27 9.88 ± 7.93 <0.0001 6.89 ± 5.87 8.51 ± 6.57 <0.0001

Insemination 669 6.24 ± 5.01 6.65 ± 5.30 0.1450 7.63 ± 6.37 8.12 ± 6.81 0.1761 6.59 ± 5.21 7.01 ± 5.86 0.1675

Ov. Stim. 180 6.01 ± 4.89 8.68 ± 5.70 <0.0001 7.80 ± 6.55 8.99 ± 6.88 0.0954 5.89 ± 4.62 7.47 ± 5.33 0.0030

Spontaneous 28385 6.75 ± 5.41 7.79 ± 6.14 <0.0001 7.69 ± 6.23 8.70 ± 6.96 <0.0001 6.87 ± 5.74 7.89 ± 6.42 <0.0001

Unknown 458 7.24 ± 6.17 7.48 ± 6.25 0.5529 8.06 ± 7.01 8.59 ± 6.77 0.2435 7.65 ± 6.55 8.05 ± 6.73 0.3676

Ethnicity Afro-Caribbean 424 6.69 ± 5.42 7.45 ± 6.16 0.0573 7.94 ± 6.56 9.20 ± 7.10 0.0075 6.60 ± 5.74 7.86 ± 6.80 0.0038

Asian 1072 6.72 ± 5.29 7.81 ± 5.66 <0.0001 7.77 ± 6.00 9.10 ± 6.77 <0.0001 7.06 ± 5.63 8.01 ± 6.35 0.0002

Caucasian 27053 6.73 ± 5.40 7.83 ± 6.18 <0.0001 7.77 ± 6.30 8.79 ± 7.07 <0.0001 6.83 ± 5.71 7.91 ± 6.45 <0.0001

Oriental 582 6.45 ± 4.53 8.28 ± 5.65 <0.0001 6.93 ± 5.67 8.93 ± 6.09 <0.0001 5.98 ± 4.54 7.67 ± 5.42 <0.0001

Unknown 2255 6.85 ± 5.95 7.16 ± 5.67 0.0804 7.11 ± 6.26 7.57 ± 6.07 0.0954 7.41 ± 6.38 7.79 ± 6.09 0.0420

Machine Model V730 131 7.53 ± 8.39 7.71 ± 5.81 0.8412 8.91 ± 9.39 9.72 ± 7.20 0.4329 8.86 ± 9.54 9.86 ± 6.54 0.3245

V830 29572 6.75 ± 5.40 7.82 ± 6.14 <0.0001 7.71 ± 6.28 8.75 ± 7.00 <0.0001 6.87 ± 5.73 7.94 ± 6.43 <0.0001

Voluson E10 1097 6.16 ± 5.49 6.80 ± 5.61 0.0078 7.49 ± 6.37 8.01 ± 6.86 0.0659 6.73 ± 5.89 6.95 ± 5.96 0.3908

Voluson S 458 6.68 ± 5.05 7.66 ± 6.13 0.0083 7.05 ± 4.99 8.25 ± 5.89 0.0009 6.29 ± 4.90 7.31 ± 5.56 0.0032

Voluson S10 128 7.15 ± 5.55 8.05 ± 6.33 0.2299 8.59 ± 6.51 9.41 ± 7.53 0.3501 6.81 ± 4.97 7.63 ± 6.33 0.2473

All numbers are in % ± SD. The significance level was adjusted using the Benjamini-Hochberg procedure46 and significant values are highlighted in bold.
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combinations of images thatminimize diagnostic error during the dynamic
nature of an ultrasound examination.

Deep learning models have been recognized for their superiority over
clinician-based diagnostics in various domains37, yet concerns about these
models amplifying existing biases in care delivery persist38. Another issue is
the potential for poor generalization of deep learningmodels across diverse
demographic groups and different ultrasound equipment types. To address
these concerns, we evaluated ourAImodel’s performance against a range of
demographic factors, including parity, BMI, age, gestational age, ethnicity,
andmodeof conception. In every scenario, ourmodel exhibited lower errors
compared to the Hadlock formula, irrespective of the growth chart applied
(Marsal, Intergrowth, WHO). Additionally, the model consistently out-
performed the Hadlock formula, regardless of the ultrasound equipment
used. While the model’s generalizability to other populations requires

further exploration, we have previously shown that retraining fetal ultra-
soundmodels on smaller, diverse datasetsmay overcome such performance
reductions12,39,40.

We evaluated our model and the Hadlock formula based on how well
they predicted birth weight back-calculated to the time of the scan. The
precision is therefore lower the longer the interval from date of scan to date
of birth, highlighting that abnormal growth can occur in this interval for
multiple different reasons. Consequently, the true weight at the time of the
scan is difficult to obtain in a reliable fashion. Still, the main priority when
estimating fetal weight is to identify those that over the course of pregnancy,
are at risk of adverse events due to abnormal fetal growth.

We demonstrate that deep learning improves the sensitivity of
ultrasound-based screening for abnormal fetal growth over current clinical
standards by 20% for SGA and 34% for LGA. Our model is particularly

Fig. 2 | Example model output for clinical decision-making. The blue dot is the
estimated weight, and the blue line is the standard deviation. The green line is the
growth curve, and the orange and red dotted lines are the 10/90% percentile and the
3/97% percentile, respectively. EFW Estimated Fetal Weight, with standard

deviation and 95% confidence interval. In the bottom is shown the estimated
probabilities based on the uncertainty, sFGR Severe growth restriction (below 3%
percentile), SGASmall forGestational Age (below10%percentile), AGAAverage for
Gestational Age.
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effective in mitigating demographic biases, offering a more universally
applicable tool. Incorporating pixel-level image data, including key anato-
mical features such as cortical structures, liver texture, and subcutaneous fat,
significantly enhanced the model’s sensitivity beyond traditional regression
models. Looking forward, leveraging these anatomical features could
enhance our ability to pinpoint different growth abnormalities and their
causes.

Methods
Study design
In this retrospective, multi-center cohort study, we used a deep learning
model for estimating fetal weight based on ultrasound images obtained
across 17 hospitals in Denmark between 2008 and 2018. Birth weight data
were obtained through the Danish Fetal Medicine Database, and imaging
data were collected from four central servers. The Danish Patient Safety
Authority, Islands Brygge 67, 2300-Copenhagen, Denmark, waived patient
consent for this study (Record No. 3-3013-2915/1), and the Danish Data
Protection Agency, Carl Jacobsens Vej 35 2500-Valby, Denmark, approved
the study (Protocol No. P-2019-310).

The Hadlock formula is based on measurements of Abdominal Cir-
cumference (AC), Head Circumference (HC), and Femur Length (FL)
performed by the clinician during the scan. The measurements were
obtained automatically using Optical Character Recognition (OCR). For
more detail refer to Supplementary Material G.

The confidence intervals and standard errors for the Receiver Oper-
ating Characteristic (ROC) curves were calculated using the Hanley
method41,42.

Dataset
Images used for fetal biometry measurements often come with embedded
markings placed by clinicians during the scan. One example of such
marking can be seen in Supplementary Fig. 6a, where calipers (yellow
crosses) are placed on the picture to outline the anatomy to be measured,
and the result is placed in a table in the lower-right corner. The table
contains the value and the code of what is beingmeasured: FL, AC,HC, and
Biparietal Diameter (BPD).

These measurements were performed by the sonographers and clin-
icians on the three standard ultrasound planes required for estimating fetal
weight and served as an input to the Hadlock formula. All 17 hospitals

follow the international criteria for obtaining standard planes (ISUOG
criteria for 3rd trimester ultrasound), and measurements are performed
according to national guidelines (dfms.dk).

Optical Character Recognition (OCR) based on Tesseract was
used to automatically classify the images as head, abdomen, femur, and
other and extract the relevant measurements. The “other” class was
discarded. Next, the images were aggregated based on the patient’s
identification number and study date to obtain sets of images from the
same examination. Furthermore, sets that did not have at least one
image from each class were excluded. Lastly, fetal weight at scan time
was extrapolated from the birth weight using the Marsal growth
curve25.

The data was limited to singleton pregnancies only andwas divided
on a patient basis between training, validation, and test sets
(85%,5%,10%), ensuring no patient overlap. In the event that multiple
images of each anatomical region (femur, abdomen, head) were
obtained during an examination, multiple observations were created by
generating all feasible permutations of the available images. The
training included 27% of 2nd-trimester images to increase the amount
of training data. However, the test set contains only 3rd-trimester
images with gestational age above 28 weeks. Before training, the calipers
were removed from the images to avoid shortcut learning, see Supple-
mentary Material G.

The standard deviation of the fetal weight is not fixed and varies as a
function of the weight itself. Similarly, as in Maršál et al., it was set to 12%.
Therefore, the standard score is calculated z ¼ x�μ

0:12μ. Moreover, fetuses with
a fetal weight below the 10th percentile (z <−1.282) are referred to as SGA,
while fetal weights above 90th (z > 1.282) are referred to as LGA. Normal
weight fetuses are referred to as AGA.

Model
The model used in this study was based on RegNetX 400 Mf 43 and was
comprised of two distinct parts. The first part of the model processed the
images to generate ameasurement of the input anatomical structure and an
embedding vector that corresponded to this structure. This vector enabled
themodel to encode additional information about the input images beyond
the measurements. The entire model was composed of three subnetworks,
each responsible for processing a different standard plane (head, abdo-
men, femur).

Fig. 3 | Anatomical features of importance. Frequency in % of structures found in
the GradCAM heatmaps (see Supplementary Material E), i.e., used by the model.
Examples of heatmaps shown on the left. There were no differences in anatomical

regions of importance between LGA and SGA fetuses. Image optimization such as
gain settings, did not seem to influence the annotations of anatomies.
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The second part of the model was composed of two fully con-
nected layers that accepted the predicted measurements and
embedding vectors. The output was the Estimated Fetal Weight
(EFW). The block diagram of the model can be seen in Supplementary
Material C.

Lastly, the anatomypresented on anultrasound image can vary in scale
depending on the zoom level chosen by the operator. To alleviate this
problem, pixel spacing (spatial resolution)was input into the first part of the
model to provide information about the relative scale of the image. This
parameter is saved in the DICOM files exported from the ultrasound
machine.

Training
Themodelswere trainedusing theAdamWoptimizerwith a learning rate of
1e-4, weight decay of 1e-6, and batch size of 8. To reduce training time, the
RegNetX parameters obtained from training on ImageNet data44 were used
as a starting point. The training images were center cropped and resized to
224 × 224px, converted to grayscale, and further augmented with random
rotation (±25∘), shear (±10∘); translation (0.05 of image size); brightness
(0.2), contrast (0.2), and random horizontal flip (P = 0.5). The model was
trained using a multi-task learning scheme to output the measurements:
HC, BPD, AC, FL, and EFW. Images as well as all measurements were
normalized to fit 0 to 1 interval.

In our study, we incorporated an additional weighting parameter into
the loss functionused for estimating fetalweight predictions. Specifically, we
utilized relative error as the base loss function and added a weighting
parameter based on the z-score to further emphasize the loss on abnormal

fetuses. This is illustrated in Equation (1). The same loss function was also
utilized for the measurement predictions.

L ¼ 1
N

XN

i¼1

∣yi � byi∣
yi

� 0:5þ ∣zi∣
� � ð1Þ

Where:
yi = fetal weight based on Maršál growth curve25

byi = Estimated Fetal Weight (EFW)
zi = fetal weight z-score

The training dataset is organized such that each unique scan corre-
sponds to one entry, but the scans can containmore than one image of each
standard plane. Therefore, during training, a set of three images (head,
abdomen, and femur) is randomly sampled from each scan.

Uncertainty estimation
Test time augmentation45 was used to estimate prediction uncertainty. Each
set of images was augmented 10 times and passed through the model to
obtainmultiple predictions for the fetalweight; the standarddeviation of the
predictions is used as the initial uncertainty estimate. The augmentation
parameters used in this step were the same as the ones used in training.

Values obtained in this way correlate with the prediction errors, as
detailed in Fig. 4: Figure 4a shows the distribution of errors. Moreover, to
evaluate how the prediction error changes as a function of predicted
uncertainty, the data was divided into bins with a width of 10. In Fig. 4a, 4
out of the 22 bins are highlighted in color, and Fig. 4b shows the distribution

a b c

d e

Fig. 4 | High predicted uncertainty correlates well with predictive error.
a Predicted uncertainty is plotted vs. prediction error and binned into levels of
predicted uncertainty, indicated by color. b For every second bin from (a),
indicated by color, we show how higher predictive uncertainty comes with a

broader distribution of predictive errors. c The Mean Absolute Error (MAE)
grows with increased predicted uncertainty. d, e The STD of the prediction error
(e) matches the smaller samples (d) found in the same predicted
uncertainty bins.
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of errors in those same bins. Notice that the errors in bins are normally
distributed and that the standard deviation increases as the uncertainty
increases. Additionally, Fig. 4c shows the mean absolute error.

Next, the error standarddeviation in eachbinwaspairedwith themean
predicted uncertainty in that bin. Using the number of samples, shown in
Fig. 4d, as aweighting factor, aweighted linear regressionmodelwasfitted to
this data as shown in Fig. 4e. This linear relationship can be utilized to
convert the uncertainty to the scale of the errors.

Analysis of pixel-level information
Saliency heatmaps were developed as described in Supplementary Material
E. A subset of the test data (1800 images of the transthalamic, transab-
dominal, and the fetal femur)was analyzedby two fetealmedicine clinicians.
The two most intensely highlighted regions of each image were annotated,
and the frequency of different anatomical features was calculated across the
dataset. For a detailed description of the annotation protocol, please see
Supplementary Material B.

Data availability
Due to the sensitive nature of the data, it is not possible to share model
weights and source data within the permissions with which we can access
the data. To access these data, the Danish Regions and the Danish Data
Protection Agency need to be applied (https://www.datatilsynet.dk/english
and https://www.regioner.dk/).

Code availability
The code is available on request.
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