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ABSTRACT

Objective: To evaluate the performance of automated (sub)cortical fetal brain segmentation methods on a novel 3D ultrasound
dataset acquired from a different vendor, and to introduce a clinician-focused visual evaluation framework complementary to
the widely used Dice Similarity Coefficient (DSC).

Method: This cohort study included 270 volumes (141 fetuses, 19-26 + 6 weeks gestation). Deep learning models were applied
to segment the cavum septum pellucidum et vergae (CSPV), lateral posterior ventricle horn (LPVH), choroid plexus (ChP),
cerebellum (CBM) and cortical plate (CoP) on a new dataset acquired by a different ultrasound vendor. Segmentations were
visually graded (1-4 = high to poor quality) based on predefined criteria. Grades were analyzed as “adequate” (1 + 2) or
“inadequate” (3 + 4).

Results: CSPV, ChP and CBM showed the best segmentation grades (> 83.1% grade 1, > 90.5% adequate) and were robust
across gestation. LPVH showed the lowest performance (73.9% adequate). Overall segmentation quality across all structures was
high (87.2% adequate). Intra- and interobserver agreement was 90.1% and 82.1%-92.7%, respectively.

Conclusion: These deep-learning methods can reliably segment (sub)cortical structures when applied to a novel dataset ac-
quired with a different ultrasound vendor, demonstrating robustness. Incorporating visual assessment alongside quantitative

metrics provides insight into anatomical accuracy and clinical usability.

1 | Introduction

Central nervous system (CNS) abnormalities are among the
most frequently diagnosed congenital malformations and are
associated with significant long-term neurodevelopmental con-
sequences [1]. Accurate prenatal detection is essential for
counseling, pregnancy management, and postnatal planning.
The International Society of Ultrasound in Obstetrics and Gy-
necology (ISUOG) recommends detailed assessment of multiple
fetal brain structures during routine and targeted anomaly scans

[2, 3], including evaluation of cortical folding patterns, as dis-
rupted gyrification may signal underlying neurological impair-
ment [4-7].

Three-dimensional (3D) ultrasound plays an important role in
advanced neurosonography by enabling multiplanar image
reconstruction and volumetric analysis. Compared to traditional
two-dimensional (2D) imaging, 3D ultrasound offers more
comprehensive visualization of fetal brain anatomy by allowing
retrospective navigation through any desired imaging plane [3].
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Summary

o What is known about this topic?

o 3D ultrasound plays an important role in advanced
neurosonography, but manual segmentation is time-
consuming and requires significant expertise

o Automated segmentation methods offer the potential
to reduce both time and expertise required for
detailed 3D analysis

o Most models are trained and validated on single
datasets, and their generalizability to a different ul-
trasound vendor or scanning protocol remains
uncertain

o What does this study add?

o Deep-learning methods can reliably segment fetal
brain structures when applied to a novel dataset ac-
quired with a different ultrasound vendor, demon-
strating robustness across vendors.

o By combining traditional quantitative metrics with
clinician-focused visual grading, this study offers a
more practical and anatomically meaningful evalua-
tion of segmentation quality, highlighting readiness
for real-world implementation in fetal neuroimaging
workflows.

This is particularly advantageous when optimal acquisition of a
specific 2D plane is hindered by fetal position, maternal habitus,
or acoustic shadowing. As a result, 3D imaging enhances diag-
nostic confidence and consistency in evaluating fetal neuro-
anatomy. However, a critical limitation persists: manual
segmentation of anatomical structures in 3D volumes is time-
consuming and demands significant expertise, making it
impractical for routine clinical use.

Artificial intelligence (AI), particularly deep learning, offers a
promising avenue for automating segmentation of fetal brain
structures [8-19]. These algorithms learn to recognize complex
anatomical patterns from large imaging datasets and have
demonstrated strong performance in research settings [20-23].
Segmentation accuracy is often evaluated using the Dice Simi-
larity Coefficient (DSC), a widely used metric that quantifies the
degree of overlap between the automated segmentation and
manually labeled reference (ground-truth) [21, 24]. Automated
segmentation has the potential to significantly reduce the time
and expertise required for detailed 3D analysis, thereby
streamlining clinical workflow and broadening access to
advanced neursonographic assessments. However, most models
are trained and validated on homogeneous datasets typically
acquired from a single site, and their generalizability to different
imaging conditions (such as alternative ultrasound vendors or
acquisition protocols) remains largely untested, limiting their
clinical adoption [19].

This study evaluates the performance of two automated 3D
segmentation methods for fetal (sub)cortical brain structures on
an independent dataset acquired using a different ultrasound
system than those used for model development. In addition to
conventional DSC-based evaluation, we introduce clinician-
focused visual grading criteria to better capture anatomical ac-
curacy and practical utility. Although DSC is a widely used
measure, its limitations in reflecting anatomical correctness and

clinical usability have been discussed in previous studies
[25-27]. By combining quantitative and qualitative assessments,
our aim is to explore real-world clinical applicability and
highlight key considerations for integrating AI tools into pre-
natal neuroimaging workflows.

2 | Materials and Methods

This cohort study was conducted at the Leiden University
Medical Center (LUMC), a tertiary care hospital in the
Netherlands, and included two groups. The first group consisted
of pregnancies with fetuses prenatally diagnosed with an iso-
lated structural congenital heart disease (CHD), defined as the
absence of other major malformations (including abnormalities
of the brain). The second group was composed of uncomplicated
healthy pregnant women recruited from midwifery practices. In
the LUMC, all fetuses with a CHD are included in a fetal sur-
veillance program , and as part of this program, a detailed
neurosonography (including 3D evaluation) is performed every
4 weeks (Biobank Obstetrics—Congenital Heart Disease study).
The second group consisted of healthy fetuses, selected based on
a normal second-trimester anomaly scan and the absence of
congenital abnormalities or dysmorphic features at birth. In this
group, a detailed evaluation of the brain was performed every
4 weeks, serving as a control group for the CHD cases (Fetal
Neurodevelopment study). Data from these studies are pre-
sented in previous publications by our research group [28-31].
Both the CHD and the control cases were grouped together for
this study. Cases were included if at least one US examination
was performed between 19 and 26 + 6 weeks of gestation. This
age range was selected as the network was developed and
trained on 3D-US images during this gestational age (GA)
[21, 24].

All scans were performed on an APLIO i800 (Canon Medical
Systems) using a PVT-675MVS three-dimensional abdominal
transducer (frequency range 2-9 MHz). During each scanning
session, detailed neurosonography was performed assessing four
planes (axial, coronal, sagittal and parasagittal) by an expert
sonographer (MA/MS/RS). Multiple 3D volumes were acquired
at the transventricular and transcerebellar planes (axial) as
defined by the ISUOG Practice Guidelines [2]. We awaited a
period of absence of fetal movements before the acquisition of
the 3D volumes. GA was based on the first-trimester US [32].

Numerical variables are presented as mean (standard deviation
[SD]) or median (interquartile range [IQR]) and categorical data
as frequencies (%).

2.1 | Selection Process and Alignment

At the outset of the analysis, a neurosonography expert (MA)
conducted an initial visual review to select the highest-quality
volume for each target brain structure from every scanning
session. During each scanning session, multiple 3D ultrasound
volumes were acquired, often capturing the same anatomical
structures with varying image quality due to fetal position,
movement, or acoustic shadowing. For further analysis, the
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volume with the best visualization of the structure of interest
was selected per scanning session. When optimal visualization
of different structures was achieved in separate volumes, more
than one volume from the same session was included. This
approach reflects routine clinical practice, in which multiple
acquisitions are obtained to optimize anatomical assessment
within a single examination. Importantly, this selection strategy
does not represent preferential inclusion of only the highest
quality volumes across the full dataset. Instead, at least one
representative volume per scanning session (and thus per fetus)
was included, ensuring that each case contributed to the eval-
uation. Each selected volume underwent automated alignment
using rigid registration to ensure a consistent anatomical
orientation across datasets [33]. Manual corrections were made
as needed to refine the accuracy of brain orientation. For each
step of the workflow, the approximate expert time required, was
recorded to provide insight into the practical feasibility of the
evaluation process. Automated segmentation.

Two convolutional neural networks (CNNs) were applied to
perform automated segmentation. For both CNNs, the input
consisted of a 3D ultrasound volume. The models generated a
corresponding 3D segmentation output, in which the target
anatomical structures were delineated within the volume. Both
models were originally trained and tested on datasets acquired
using Philips ultrasound systems in fetuses between 18 and
26 + 6 weeks' gestation, collected as part of the Intergrowth-21°"
Fetal Growth Longitudinal Study [34].

2.2 | CNN 1: Subcortical Structures

This model developed by Hesse et al. [24], used a few-shot
learning strategy to segment key subcortical structures from
3D US images. Specifically, the model segmented the cavum
septum pellucidum et vergae (CSPV), the cerebrospinal fluid of
the lateral posterior ventricle horn (LPVH), the choroid plexus
(ChP) and the cerebellum (CBM), using only nine manually
annotated volumes for training. Few-shot learning enables
effective model generalization from minimal labeled data,
which is particularly beneficial in fetal ultrasound where an-
notated 3D datasets are scarce. These structures were chosen
based on both clinical importance in second trimester anomaly
screening [2] and their distinct anatomical boundaries, which
facilitate model learning. The CSP and its posterior extension,
the cavum vergae (CV), were segmented as a combined struc-
ture due to their similar fluid-filled appearance on ultrasound
[35]. The ChP, located within the posterior horn of the lateral
ventricles, was included as both a landmark and a part of the
total ventricular volume. This model achieved DSC scores of
0.78 for CSPV, 0.85 for LPVH and ChP, and 0.90 for CBM [24].
The DSC metric quantifies spatial overlap between predicted
and ground-truth segmentations, ranging from 0 (no overlap) to
1 (perfect overlap) [36].

2.3 | CNN 2: Cortical Plate

The second model, developed by Wyburd et al., performed
cortical plate (CoP) segmentation [21]. This CNN achieved a

DSC of 0.81 £ 0.06 on an independent test set, enabling auto-
mated assessment of cortical development from 3D ultrasound
volumes.

In this study, we evaluated the performance of both models on
volumes acquired using Canon Medical Systems equipment,
enabling assessment of model robustness when applied to data
from a different ultrasound vendor. To maximize structural
visibility, the LPVH, ChP and CoP were segmented in the
hemisphere distal to the ultrasound transducer, where signal
attenuation and acoustic shadowing artifacts from the fetal skull
were reduced.

All 3D visualization and alignment procedures were performed
using MATLAB (version 9.8) and MITK-Workbench. Pre-
processing included rigid alignment, intensity normalization,
and inspection of orientation consistency [33, 37].

2.4 | Evaluation Protocol

Following automated segmentation, each model's output was
visually evaluated in 3D by an experienced ultrasound specialist
(MA). The segmentation output consisted of a 3D volume with
segmentation labels. Visual evaluation was performed by navi-
gating through the complete 3D volume, allowing assessment of
segmentation quality across all planes rather than on isolated
2D images. Segmentation quality grades were based on the
overall anatomical correctness of the segmented structure
throughout the entire 3D volume. The percentage deviation
thresholds (< 20%, 20%-50%, > 50%) reflected qualitative esti-
mates of the proportion of the segmented structure deviating
from the expected anatomical boundaries across the volume,
rather than measurements derived from a single slice or plane.

Each segmented structure within the selected volume was
assessed according to predefined scoring criteria, resulting in
four segmentation quality grades:

1. High quality: accurate delineation of the structure and its
anatomical boundaries

2. Intermediate quality: minor boundary errors, defined as
segmentation deviations of < 20% from the true tissue
boundary

3. Low quality: major boundary errors present, with de-
viations of 20%-50% from the true tissue boundary

4. Poor quality: severe deviation (> 50%), incorrect structure
identification, or complete failure to recognize and
segment the target structure.

These scoring criteria were uniformly applied across all struc-
tures, including the CoP. For CoP segmentation to be consid-
ered correct, inclusion of the Sylvian fissure was necessary, as
this is considered to be a key landmark. Figure 1 provides an
overview of representative examples of each segmentation grade
per structure, including anatomical definition. Segmentations
rated as Grades 1 or 2 were deemed “adequate,” while Grades 3
and 4 were classified as “inadequate”.
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FIGURE 1

Structure

Cavum septum
pellucidum et vergae

(CSPV):

The CSP is a fluid-filled
cavity between two
membranes. The cavum
vergae is the posterior
extension of the CSP.
*Segmented inside
echogenic boundary

Lateral posterior
ventricle horn (LPVH):

Posterior part of the
lateral ventricle
containing cerebrospinal
fluid.

*Segmented inside
echogenic boundary

Choroid plexus (ChP):

Echogenic structure
inside of the lateral
posterior ventricle horn.

Grade 3

Grade 4

Overview segmentation grades per structure, including anatomical definition The red arrow indicates where the algorithm over-

segmented, under-segmented or failed to detect the structure of interest at all. All images are transabdominal scans. Three different planes are

displayed for each grade and structure (from top to bottom: transventricular, sagittal, and coronal planes).
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Cerebellum (CBM):

Situated in the fossa
posterior, consisting of
two spherical cerebellar
hemispheres with a
midline structure
(vermis).

*Segmented including
the echogenic boundary

Cortical plate (CoP):

Outer part of the fetal
brain, visible as an
echogenic line.

*The Sylvian fissure was
considered the most
important landmark, so
had to be included for a
correct segmentation.

FIGURE 1 | (Continued)

To evaluate reproducibility, a randomly selected subset
comprising 30% of all volumes was used to calculate the intra-
and inter-observer agreement. Intra-observer agreement was
determined by having the same observer (MA) reassess this
subset twice at two separate time points. Subsequently, inter-
observer agreement was assessed by two independent neuro-
sonography experts (MS and RS), who independently graded the
same set of sample volumes. Their assessments were compared
with the initial grading performed by MA, resulting in two inter-
observer agreement measures (MS vs. MA, and RS vs. MA).
Agreement was defined as the percentage of volumes receiving
identical segmentation scores. The sample included propor-
tional representation of all (sub)cortical structures. Further-
more, the time required to complete each step of the
segmentation and evaluation process was recorded.

3 | Results

A total of 1508 3D volumes (= 249 scanning sessions) were
collected during the period January 2020—August 2022. Thir-
teen scanning sessions had to be excluded as none of the
structures of interest were visible in the acquired volumes due to

poor image quality (high maternal BMI, fetal movements). After
initial visual assessment, the best volume(s) per scanning ses-
sion was selected for further analysis. Ultimately, 270 volumes
arising from 236 scanning sessions (= 141 subjects) were
included in this study. In the majority of cases, all the structures
of interest were visible in 1 volume (85.7%). After automated
alignment of the volumes, manual realignment was performed
in 158 volumes to ensure equivalent plane orientation. Figure 2
shows the inclusion process including the time required for
each workflow step. The data distribution of the volumes per
GA week is shown in Figure 3. Details of the baseline charac-
teristics of the included subjects are depicted in Table 1. The
majority of the included subjects (68.1%) had two US visits
during pregnancy.

The CSPV, ChP and CBM showed the best segmentation per-
formance (segmentation score 1 > 83.1% and adequate seg-
mentation > 90.5%), as shown in Table 2. These segmentation
scores were robust to advancing GA, even at the end of the
second trimester with adequate segmentation > 82.6%
(Figure 4). The LPVH had the lowest segmentation overall
performance (score 1 63.0%, score 2 10.9%), which declined
throughout gestation with the lowest performance at 25 weeks
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Time required per

workflow step:
Data collection Jan 2020- Aug 2022
N=1508 volumes (=249 4980 min (+/-20 min per
scanning sessions = scanning session)

144 subjects)

Initial assessment:
Selection best volume
per structure per
scanning session

2390 min (+/- 10 min per
scanning session)

Excluded
N=13 scanning sessions (none of
the structures visible in the acquired
volumes) .
Total included
Included volumes per _ volumes
structure i > N=270_vo|ume§ (=2116
scanning sessions =
141 subjects)
CSPV LPVH ChpP CBM CoP
N=229 N=230 N=231 N=223 N=232
A

(Manual + Visual inspection of automated

automated) alignment: 270 min (+/-1 min per

alignment volime)

N=270 volumes /\
Correct automated Manual realignment (N=158
y alignment (N=112  volumes) = 1106 min (+/- 7 min
Application of deep VS per volume)
learning

N=270 volumes

A

Segmentation
assessment 1620 min (+/- 6 min per volume)
N=270 volumes

FIGURE 2 | Flowchart of the included volumes. * Time required indicates the approximate expert time investment needed for each step of the
workflow.

45

35

30

0 I I I I
19 20 2 2 23 24 25 26

GA [weeks]

Volume count
" » ~
& 8 %

S

»

FIGURE 3 | Data distribution per GA (weeks). The x-axis represents gestational age (weeks), and the y-axis indicates the number of evaluated
volumes per gestational age.

gestation (adequate segmentation 56.8%). Upon visual inspec- Figure 1. The automated segmentation analysis of the CoP
tion of the data, it became apparent that the algorithm showed high segmentation performance especially early in the
encountered challenges in distinguishing between cerebrospinal pregnancy with 100% adequate segmentation rates at 20 and
fluid and the ChP within the lateral ventricle, as illustrated in 22 weeks of gestation. However, the performance dropped

Prenatal Diagnosis, 2026



slightly toward the end of the gestational period we examined.
The overall adequate segmentation percentage of all the struc-
tures combined, was high (87.2%); this was consistent during
pregnancy.

The intra-observer agreement was 90.1% for all the structures
combined (range 83.1%-94.8%). The inter-observer agreement
was 82.7% and 82.1% (range 70.1%-90.1% depending on the
structure) (Table 3).

4 | Discussion

This second-trimester post hoc clinical evaluation study dem-
onstrates that deep learning-based automated segmentation
methods achieve high performance in segmenting (sub)cortical
fetal brain structures. While these algorithms showed high DSC
in previous studies [21, 24], this study addressed its known
limitations, such as insensitivity to anatomical shape errors, by
incorporating and proposing a visual grading. The fact that
these models could be applied to a novel, unseen dataset ac-
quired with a different vendor and operator team than those
used during the training phase, is promising with regard to
future clinical evaluation, as it provides insight into model

TABLE 1 | Baseline characteristics of the included subjects.

N = 141 subjects; 236 scanning sessions

Maternal age, mean (sD) 32.0 (4.1)

BMI (kg/m?), median (IQR) 23.1
(21.6-26.0)

CHD, n (%) 77 (54.6%)

Controls, n (%) 64 (45.4%)

Scanning sessions per subject, n (%)

1 44 (31.2%)

2 96 (68.1%)

Included volumes per scanning sessions,

n (%)

1 202 (85.7%)

2 34 (14.3%)

Abbreviations: BMI, body mass index; CHD, congenital heart disease.

TABLE 2 |

robustness beyond the original training setting. While this study
demonstrates robustness of the segmentation models when
applied to an ultrasound system from a different vendor,
broader generalizability across ultrasound systems requires
further validation.

Al is increasingly explored in fetal imaging, particularly for
detecting CHD and central nervous system abnormalities and
improving automatic biometry measurements [38-43]. How-
ever, despite these advancements, these AI models are not yet
implemented in routine clinical practice. As a result,
(sub)cortical structures are still predominantly evaluated using
2D ultrasound, limiting the accuracy and efficiency of neu-
rsonographic evaluations. Few studies have reported on
automated subcortical US segmentation methods, as ground-
truth labels are needed for training, which are scarce and
not easy to obtain due to the challenges of manual annota-
tions. Some of these studies face limiting factors such as the
automated analysis being restricted to only one subcortical
structure [44], segmentation only on 2D US planes [45, 46], or
the use of weakly labeled volumes obtained from MRI atlas-
based segmentation for testing and training [47]. Addition-
ally, many studies analyzing 3D US subcortical brain devel-
opment used the multiplanar or Virtual Organ Computer-
aided Analysis (VOCAL) segmentation software (GE Health-
care), which still requires manual measurements for calcu-
lating volumetric data and is therefore not considered an
automated method [48-54].

This study illustrates that these automated methods can accu-
rately assess anatomical structures when applied to a new
dataset of a different US manufacturer, demonstrating their
potential to detect errors in anatomical shapes beyond mere
volumetric data. For example, segmentation of the cortical plate
may achieve a high DSC overlap, but not represent the shape
accurately. As each volume was independently visually assessed
for correctness, this study underscores the robustness of these
algorithms in providing detailed and precise anatomical seg-
mentation, which is crucial for clinical applications. Our pro-
posed method to evaluate deep learning algorithms requires no
new manual labeling, making our approach relatively simple
and quick to implement. Manual labeling is extremely time-
consuming, requires expert knowledge and is highly user-
dependent. Therefore, methods that rely on manual labels to

Overview of assessment of the included volumes per (sub)cortical structure.

N = 229

CSPV LPVH ChP CBM

N=230 N=231 N=223

CoP Total
N =232 N=1145

Visual assessment automated segmentation, n = volume (%)
Grade:

1.High (adequate)

2.Intermediate (adequate)

3.Low (inadequate)

4.Bad (inadequate)

Adequate segmentation, %

Inadequate segmentation, %

193 (84.3) 145 (63.0) 192 (83.1) 187 (83.9) 180 (77.6) 897 (78.4)

15(6.5) 25(10.9) 17(7.3) 20(9.0) 25(10.8) 102 (8.9)

14 (6.1) 27(11.7) 11(4.8) 13(58) 20(8.6) 85 (7.4)

7(31) 33(143) 11(48) 3(13) 7(3.0) 61(53)
90.8 73.9 90.5 92.9 88.4 87.2
9.2 26.4 9.5 7.1 11.6 12.8

Abbreviations: CBM, cerebellum; ChP, choroid plexus; CoP, cortical plate; CSPV, cavum septum pellucidum et vergae; LPVH, lateral posterior ventricle horn.
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Segmentation grade: Cavum Septum Pellucidum et Vergae Segmentation grade: Cerebellum (CBM)

(CSPV) 100%
100%
90%
90%
80%
80%
70%
70% —_
- g
g T
= 60% 1=
= 5 [ 3
3 [ 8 so%
o 50% @ =3
@ 3 E
£ 3 am n2
3 a0% u2 S
< 2= ml
30% 30%
20% 20%
10% 10%
0% 0%
19 24 25 26
GA (weeks) GA (weeks)
Segmentation grade: Lateral Posterior Ventricle Horn (LPVH) Segmentation grade: Cortical Plate (CoP)
100% 100%
90% 90%
80% 80%
70% 70%
g 60% g 60%
£ . £ .
8 so% . 8 so% n
g =3 £ u3
2 a0% n2 2 am% 2
= ml = 1
30% 30%
20% 20%
10% 10%
0% 0%
19 20 21 24 25 26 19
GA (weeks) GA (weeks)
Segmentation grade: Choroid Plexus (ChP) Segmentation grade: all structures combined
100% 100%
80% B
70% 7%
£ g% £ am
3 n4 H s
S 50% o S
[ ] 3
g 3 g ™
2 0% 2 E L 2
* u1 ui
30% L
20% 0%
10% 0%
0% %
15
GA (weeks) GA (ween!

FIGURE 4 | Segmentation grade of the automated (sub)cortical segmentation per individual structure and all structures combined. Segmentation
quality was visually graded on a four-point scale (Grade 1: high quality; Grade 2: intermediate quality; Grade 3: low quality; Grade 4: poor quality).
The x-axis represents gestational age (weeks), and the y-axis indicates the proportion of volumes assigned to each segmentation grade.

TABLE 3 | Overview of the intra- and inter-observer agreement per (sub) cortical structure.

CSPV LPVH ChP CBM CoP
N = 76" N=77* N=77* N = 68" N=77* Total
Intra-observer agreement 94.7% 83.1% 94.8% 98.7% 88.3% 90.1%
Inter-observer agreement (1) 85.5% 77.9% 90.1% 89.7% 70.1% 82.7%
Inter-observer agreement (2) 84.2% 72.7% 88.3% 88.2% 77.9% 82.1%
Overall agreement 88.1% 77.9% 91.1% 92.2% 78.7% 85.0%

Note: Intra-observer agreement reflects grading by the same observer (MA) of the same subset at two separate time points. Inter-observer agreement reflects agreement of
the same subset between the primary observer (MA) and two additional observers (MS and RS), reported separately as inter-observer agreement (1) and (2), respectively.
Abbreviations: CBM, cerebellum; ChP, choroid plexus; CoP, cortical plate; CSPV, cavum septum pellucidum et vergae; LPVH, lateral posterior ventricle horn.

N = total volumes in which the individual structure was visible (total included volumes for the intra- and inter-observer agreement, n = 81).
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assess performance (e.g., using DSC overlap) are ultimately
limited by these factors. As manual annotations are not
required, time can be saved as data selection and manual in-
spection of the volumes took only a few minutes on average.
Possibly, in the future, this process can be fully automated and
ideally integrated into US machines, requiring minimal human
interaction. Although the evaluated segmentation models
demonstrate robust performance on second-trimester datasets,
their direct use for detecting subtle cortical anomalies or for
clinical decision-making in cases of pathology remains untested.
Potential use cases include integration into structured checklists
for quality control of image acquisition, visual comparison of
automated segmentations with raw ultrasound data to assist
anatomical interpretation, and decision-support prompts that
highlight regions requiring closer expert inspection. Such ap-
plications may improve consistency, but their use remains
dependent on expert clinical judgment. Future studies should
specifically evaluate these use cases in both normal and
abnormal fetal brain development to determine their practical
value in clinical settings.

The segmentation of the CSPV, ChP, CBM and CoP showed
high performance. This can readily be explained by the fact that
all three structures have a clear boundary due to the contrast
between the structure of interest and the surrounding tissues. In
contrast to the LPVH, which showed the lowest performance
due to difficulties in distinguishing between cerebrospinal li-
quor and ChP in the lateral ventricle, resulting in larger pre-
diction errors. Differences in BMI and algorithm performance
were not assessed in this study; however, such differences can
typically explain variations in performance. All included struc-
tures were derived from the same volumes/cases, and thus
similar BMI distributions.

Since this study evaluated deep learning model performance
from both anatomical and clinical perspectives, segmentation
grading was based solely on visual inspection. While this
could be considered a limitation, visual assessment provides
critical insight into segmentation usability that quantitative
metrics alone cannot capture. While we acknowledge the
importance of quantitative metrics for segmentation evalua-
tion, this study offers an alternative method that is more
time-efficient and provides insights from a clinical point of
view and therefore goes beyond mere pixel-level evaluation.
Segmentation performance was evaluated on selected volumes
with adequate image quality, as multiple acquisitions were
obtained per scanning session and the best volume per
structure within each session was chosen for analysis. The
grading of the segmentations in this study was standardized
by the use of pre-defined criteria; however, as evaluation was
based on visual assessment, the subjectivity of the expert may
have been attributed to the scoring. However, as the inter-
observer agreement was relatively high and equivalent
(82.1%-82.7%) between the two sonographers that performed
the inter-observer analyses, the role of subjectivity seems
limited. As only isolated CHD cases and healthy fetuses were
included in this study, the performance of these algorithms in
abnormal cases was not assessed. The next step would be to
evaluate these automated methods in abnormal neuro-
developmental cases to comprehensively determine their
clinical utility.

5 | Conclusion

This study demonstrates that novel deep learning 3D models can
successfully segment (sub)cortical structures in a novel, unseen
dataset from a different US vendor, accurately capturing
anatomical boundaries. By integrating visual grading criteria with
traditional quantitative metrics, we provide an evaluation
framework for assessing segmentation quality from a clinician's
perspective. This approach bridges the gap between technical
performance metrics and clinical relevance, as anatomical cor-
rectness and shape are critical for clinical usability and real-world
application. These automated segmentation methods may sup-
port prenatal neurosonography workflows in the future through
visual comparison, support of anatomical interpretation and
decision-support. Moving forward, these automated methods
should be compared across multiple ultrasound vendors and
evaluated in abnormal neurodevelopmental cases to assess their
universality and performance differences. We have presented a
methodology for performing such evaluations without additional
manual labels. The remaining aspects to be addressed include the
need for expert assessment for data selection and segmentation
quality evaluation, indicating that these algorithms cannot yet be
applied independently without expert visual anatomical review.
Future studies should address imaging and acquisition challenges
accompanying third trimester ultrasonography, as crucial neu-
rodevelopmental changes occur during this phase. Efforts should
be made to facilitate the integration of segmentation algorithms
into ultrasound devices, leading to the utilization of Al in daily
clinical practice.
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