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ARTICLE INFO ABSTRACT
Keywords: Background: Our goal was to develop and validate machine learning models that are capable of fully automatic
Machine learning identification and segmentation of frontal, temporal, and posterior horns, the body of the lateral ventricle, the

Deep learning third and fourth ventricle, as well as the atrium on either side.

2:3;2?:{ gizltz:’lli ence Methods: Patients shunted for hydrocephalus were included. Data from two centers was used for development/
Algorithms & external validation, respectively. Manual labelling of ventricular subregions on computed tomography (CT) was

Hydrocephalus performed. First, an object detection algorithm (YOLOv5) was trained. This allowed for precise cropping of the
subregions that could then be used as input for a 2D U-Net. For comparison, a nnU-Net was also trained. Pre-
cision, recall, mean average precision 50 and 50-95 (mAP50; mAP50-95) were used as performance metrics for
the YOLO algorithm. Dice score, Jaccard score, and 95th percentile Hausdorff distance assessed performance for
the U-Net.

Resuits: 80 CTs from patients at our center were included, as well as 50 from a second center. The mean age was
68.59 + 15.89 and 75.94 =+ 4.17 for the first and second centers, and 43 (52.5%) and 30 (60%) were male. MAP
50, mAP50-95 was 0.728, 0.453 for internal and 0.274, 0.124 for external validation across all classes. Best mean
Dice scores were 0.92 + 0.1 and 0.90 + 0.05 for the body of the left lateral ventricle.

Conclusions: Automatic segmentation and volumetry of ventricles including their subregions was feasible with
high precision on computed tomography, potentially helping the clinical evaluation of even subtle changes in
ventricular volume.

(Hochstetler et al., 2022).

CSF volume is also a key diagnostic feature in normal pressure hy-
drocephalus (NPH), with patients commonly obtaining serial scans.
Numerous indices indicative of NPH have been created and validated.
The well-known Evan's index shows an intraclass correlation coefficient
(ICC) of 0.81-0.913, while the temporal horn width is described to have
an ICC of 0.729 (Evans, 1942; Miskin et al., 2017; Reinard et al., 2015).

Subtle changes over time can be difficult to detect manually, also due

1. Introduction

Hydrocephalus is a condition described as early as Hippocrates and
Galen (Aschoff et al., 1999). It is generally defined as an imbalance of
cerebrospinal fluid (CSF) production and absorption (Rekate, 2009).
Next to MRI, CT is a valuable diagnostic tool. Etiologies include
congenital, post-traumatic, hemorrhage, infections, and idiopathic
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Abbreviations:

CT computed tomography

CSF cerebrospinal fluid

NPH normal pressure hydrocephalus
ICC intraclass correlation coefficient
MRI magnetic resonance imaging
RVE relative volumetric error

to inconsistent positioning of the head in CTs. Ryska et al. (2020)
showed that the angulation of the section plane can strongly influence
the diagnostic performance of many radiological indices for NPH. This
study was performed on magnetic resonance imaging (MRI) scans, yet
since CT generally has a less standardized acquisition frame compared to
MRYI, these results might also apply to CT. In a smaller cohort, Toma et al.
(2011) investigated this question for CT, concluding that plane selection
largely influences results. Also, Lo et al. (2021), as well as Han et al.
(2022), identified unique topological and volumetric features of NPH.
Hence, volumetry seems beneficial compared to manual linear mea-
surements (Ambarki et al., 2010; Aukland et al., 2008; Toma et al.,
2011).

We hypothesize that deploying fully automated image segmentation
can provide valuable information about disease identification and pro-
gression. Utilizing three-dimensional information can omit the question
of section plane angulation. Also, the quantification of anatomical
subregions allows for the exploration of new indices based on the shape
and geometry of the regions.

Advances in machine learning in terms of inference speed and pre-
cision have increased the utility of such approaches (King, 2018;
Obermeyer and Emanuel, 2016). Consequently, we hope to create a
useful tool for clinicians, offering better correlation to true ventricular
volume, increased objectivity, and lastly, more quick and valuable
clinical information by providing three-dimensional measurements
instead of the usual ventricular width only.

2. Methods
2.1. Data collection

From our center (University Hospital of Zurich, Switzerland), we
collected CT scans of 80 patients with hydrocephalus due to different
pathologies, including mainly normal pressure hydrocephalus and
posthemorrhagic hydrocephalus. To ensure generalizability, we vali-
dated the models on a second external validation set of 50 CT scans from
another center (University Hospital of Bologna, Italy). Those were only
patients with normal pressure hydrocephalus.

2.2. Ethical considerations

Patient data were handled in accordance with the ethical standards
outlined in the Declaration of Helsinki and its amendments. The use of
this data received approval from the institutional review boards in
Zurich (IRB, Cantonal Ethics Committee Ziirich, BASEC, 2023-00688).
For data collected in Bologna, ethical approval was granted by the
ethics committee of the greater area of Emilia-Romagna, Italy (No 94-
2025-0SS-AUSLBO).

2.3. Labelling

Images were labelled by hand by a neurosurgical resident (RDM) and
two medical students (MB, DDW; masks were checked by another rater
and discussed with an independent reviewer when in disagreement).
The anterior horn, body of the lateral ventricle, atrium, posterior horn,
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temporal horn, third and fourth ventricle were delineated individually
using 3D Slicer (Fedorov et al., 2012). Standard anatomical landmarks
were considered as boundaries for the subregions when they were
visible on axial CT (Mortazavi et al., 2014).

2.4. Image preprocessing

First, images were converted into the NIfTI (Neuroimaging In-
formatic Technology Initiative) format (Li et al., 2016). Second, voxels
were resampled to an extension of isotropic 1.0 x 1.0 x 1.0 mm and a
total size of 256 x 256 x 256. Hounsfield units were windowed from 0 to
80 for optimal contrast of cerebrospinal fluid and ependyma (CSF win-
dow). For computational efficiency, images were sliced in axial orien-
tation. As the two-stage approach created specific regions of interest and
thereby provides highly homogenized input images for the semantic
segmentation models, no further preprocessing steps were undertaken.

2.5. Object detection

A YOLOVS5 (You Look Only Once) algorithm was trained to detect the
before-mentioned individual subregions (Jocher et al., 2020). Training
was carried out for 300 epochs, with a batch size of 64 and an image size
of 256 x 256, using data augmentation that included flipping, scaling,
and translation. Training was carried out on an NVIDIA RTX A6000 with
48 GB of memory.

Subsequently, the CT slices were cropped using the bounding boxes
used for training before. Since they did not fit the input layer of the
subsequent U-Net, they were enlarged by up to 300% and padded,
resulting in standardized 256 x 256 slices. This allowed for the more
specific training of segmentation networks that only include the
respective anatomical subregion.

2.6. Semantic segmentation

From the cropped CT slices and their accordingly processed mask,
eleven models were trained. A standard U-Net architecture was chosen
(Ronneberger et al., 2015). For each of the subregions — left anterior
horn, right anterior horn, third ventricle, etc. — a specific model was
trained in five-fold cross-validation. Hyperparameter tuning included
the number of starting neurons, ranging from 32 to 128, the net depth
(from 3 to 5), the number of blocks (from 2 to 5), dropout functions,
batch normalization, batch size (32-64), and the learning rate (0.001 or
0.0001). A rectified linear unit was constantly chosen as activation
function and binary crossentropy as loss function. Since the posterior
horn only had a small number of input slices, right and left were com-
bined for data augmentation. Additionally, all models were trained
using an enlarged dataset by flipped, shifted, rotated, and
brightness-adjusted copies of the training data. Training was carried out
on an NVIDIA RTX 3090 graphical processing unit with 32 GB of
memory.

2.7. Evaluation

The object detection algorithm used to create subregions was eval-
uated using recall, precision, mean average precision (mAP) 50 as well
as mAP50-95 (Reis et al., 2023).

Dice similarity coefficient, Jaccard coefficient and 95th percentile
Hausdorff distance were used to assess the performance of the semantic
segmentation models (Dice, 1945; Jaccard, 1912; Ralescu, 1984; Taha
and Hanbury, 2015). Those metrics compared manually segmented la-
bels with predicted masks. The first two are a measure for overlap
ranging from zero to one, the latter analyzes the distance between the
edges of the segmentation. Hence, high values for Dice and Jaccard
scores mean good congruence and small for Hausdorff distance respec-
tively. While training validation used a different subset of slices for each
round of cross-validation, all models from the holdout set were assessed
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on the same set of slices that was put aside before training. On the 50 CT
scans from the external dataset, the entire pipeline was tested as external
validation. Additionally, volumes between the ground truth data and the
predicted masks were compared for all subregions, the entire internal
ventricular system, the left and right side (frontal horn, body of lateral
horn, atrium, and temporal horn) as well as the midline regions (third
and fourth ventricle). Subsequently, the relative volumetric error from
these volumes was extrapolated.

—YOLO——>»
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2.8. Backsampling

In order to achieve coherent three-dimensional volumes from the
disassembled U-Net outputs, the slides were reformatted into their
original dimensions using the bounding box as guide. This included
uncropping, resizing and then stacking the two-dimensional images into
the correct position in three-dimensional space. The entire process is
illustrated in Fig. 1.

Cropping,
Padding and
Resizing

U-Net
Prediction

Backsampling

Fig. 1. Schematic illustration of the inference pipeline: (A) The initial CT scan is normalized, resampled and sliced in axial direction. (B) The YOLO model detects the
anatomical subregions. (C) Axial slices are then cropped, padded, and resized according to the created bounding boxes. (D) The respective U-Net for each anatomical
subregion creates a prediction. (E) Lastly, these predictions are uncropped, unpadded and resized into their original dimension and combined into one final
segmentation.
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2.9. Deployment

For easy access, a graphical user interface was created where the raw
DICOM files can be used directly. The graphical user interface trans-
forms the single DICOM slices to one NIfTI per series, creates an intensity
window around the CSF and resizes the image to 256 x 256 x 256,
identical to the training data (Li et al., 2016). Then, the pipeline is
applied. The resulting segmentation mask is then overlayed over the
input image and displayed. The resulting appearance can be seen in
Supplementary Figure 1.

2.10. nnU-Net

To compare performance, we also trained a widely applied archi-
tecture, the self-configuring NN-UNet on our data without using the two-
stage approach. In the same manner, we performed internal and external
validation using the same metrics.

3. Results
3.1. Dataset

80 patients from the first center were included. Demographics and
etiologies of hydrocephalus can be found in Table 1.

For external validation, 50 cases of patients with normal pressure
hydrocephalus who underwent surgery for a ventriculoperitoneal shunt
were included.

3.2. YOLO: object detection

The training dataset included 9565 slices, the training validation
dataset 2291 slices (Table 2: Train) and the hold-out dataset after
training (Table 2: Hold) 2120 slices. The external validation dataset was
made up of 12800 slices. The occurrence of each subregion on these
slices is reported in Table 2 under instances.

The final model consists of 416 layers and 140 million parameters.
For validation, an intersection over union threshold of 0.6 and a confi-
dence threshold of 0.001 was used.

The final YOLOvV5 model reached a precision of 0.7, recall of 0.727,
mAP50 of 0.682 and mAP50-95 of 0.431 for all classes in training. In-
ternal validation achieved respective values of 0.767, 0.732, 0.728 and
0.453. External validation was evaluated at 0.42, 0.301, 0.274 and
0.124. Detailed results for all individual classes can be seen in Table 2.

3.3. U-Nets: semantic segmentation

Detailed results for U-Net performance are reported in Table 3. The
best Dice score for training validation was the body of the left lateral
ventricle with a Dice score (mean =+ standard deviation) of 0.92 + 0.08,
0.91 + 0.1 for internal validation and 0.90 + 0.05 for external valida-
tion. Respective Jaccard scores were 0.87 + 0.1, 0.85 + 0.12 and 0.82
+ 0.07. The nnU-Net yielded a mean Dice score of 0.74 + 0.34, 0.74 +
0.34 and 0.41 £ 0.23 for the according cohorts, as in Table 4.

Lowest scores were obtained for the posterior horns with a mean Dice
score of 0.18 + 0.24, 0.43 + 0.17 and 0.18 + 0.05 for training valida-
tion, internal and external validation.

Supplementary Fig. 2 illustrates the volumetric performance for the
external validation dataset.

4. Discussion

We developed a ready-to-use pipeline that estimates the ventricular
volume of anatomical subregions on the basis of a brain CT scan. Using
machine learning, an otherwise laborious task of segmenting on each
slice by hand can be simplified time-efficiently.

Both the bounding box and the semantic segmentation model
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Table 1
Summary of the patient demographics and characteristics.
Center Zurich Bologna
Baseline
Number of Patients 80 50 (100)
Age years, Mean + SD 68.59 + 15.89 75.94 + 4.17
Male gender, n (%) 43 (52.5) 30 (60)
Pathology
Normal Pressure Hydrocephalus, n (%) 27 (33.8) 50 (100)
Subarachnoid Bleeding, n (%) 26 (32.5) 0 (0)
Trauma, n (%) 7 (8.8) 0 (0)
Intracranial Bleeding, n (%) 4 (5.0) 0 (0)
Unclear, n (%) 5(6.2) 0 (0)
Cerebellar Bleeding, n (%) 1(1.2) 0 (0)
Chiari Malformation Type 2, n (%) 1(1.2) 0 (0)
Plexus Papilloma, n (%) 1(1.2) 0 (0)
Meningoencephalitis, n (%) 1(1.2) 0 (0)
Trauma with Subdural Hematoma, n (%) 1(1.2) 0(0)
Revision Surgery
No, n (%) 65 (81.2) 50 (100)
Yes, n (%) 15 (18.8) 0 (0)
Shunt Type
Ventriculoperitoneal, n (%) 79 (98.8) 50 (100)
Ventriculoatrial, n (%) 1(1.2) 0(0)
Volume
Mean + SD Median Mean + SD Median (IQR)
(IQR)
Body of Right 32.4 £+ 26.63 25.5 (22.5) 37.59 £ 15.72 35.22 (17.45)
Lateral
Ventricle, ml
Body of Left 33.5 £ 24.38 26.0 (27.0) 41.16 +£17.12 37.53 (19.73)
Lateral
Ventricle, ml
Third 3.16 £ 2.02 3.0 (2.0) 3.25 £ 1.02 3.18 (1.08)
Ventricle, ml
Fourth 2.02+1.71 2.0 (2.0) 2.10 +£ 0.80 2.14 (0.99)
Ventricle, ml
Right Anterior 8.62 + 4.41 8.0 (5.0) 4.94 £ 2.79 4.31 (4.07)
Horn, ml
Right Atrium, 5.7 £4.51 5.0 (4.0) 6.19 + 2.92 5.88 (3.38)
ml
Right Posterior 0.7 £ 1.46 0.0 (1.0) 1.31 £ 1.22 0.97 (1.47)
Horn, ml
Right 3.51 + 2.60 3.0 (3.0) 221 £1.17 1.90 (0.97)
Temporal
Horn, ml
Left Anterior 9.44 + 4.55 8.5 (6.3) 5.20 + 3.07 4.54 (3.81)
Horn, ml
Left Atrium, ml 6.64 + 4.82 6.0 (4.0) 7.65 £ 3.82 6.87 (6.15)
Left Posterior 1.26 £ 2.57 0.0 (1.0) 1.97 £1.76 1.49 (2.46)
Horn, ml
Left Temporal 3.76 + 2.57 3.0(3.0) 2.41 £1.23 2.05 (1.58)
Horn, ml

SD, standard deviation; IQR, interquartile range.

showed good performance at internal and external validation for most
subregions. The YOLO model showed mAP50 of 0.682, 0.728 and 0.274
for training validation, internal holdout set and external validation. The
lower performance on new and unseen data is expected and can be
compensated by choosing a low detection threshold. This ensures that
no slices are missed.

The semantic segmentation models performed satisfactorily in most
cases as well. Especially large and frequently occurring subregions, such
as the body of the lateral ventricle, had excellent results. Naturally, re-
gions with lower occurrences in the training data faired inferior in terms
of metric performance compared to more common ones. This was
especially notable for the posterior horns, reflected by only 39-56 in-
stances in the training validation and holdout set of the YOLO model.
This limits the number of input slices for the following U-Net. External
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Table 2
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Object detection algorithm (YOLO) performance on all three datasets (Train: training validation; Hold: holdout set; Ext: external validation), comparing predicted
boxes and boxes created from manual segmentations.

Measurement Instances Precision Recall mAP50 mAP50 - 95

Dataset Train Hold Ext Train Hold Ext Train Hold Ext Train Hold Ext Train Hold Ext
Structure

All 2385 2762 11203 0.700 0.767 0.420 0.727  0.732  0.301 0.682 0.728 0.274 0.431 0.453 0.124
Body of Right Lateral Ventricle 458 495 1646 0.810 0.816 0.290 0.558 0.558 0.549 0.603 0.581 0.332 0.449 0.437 0.155
Body of Left Lateral Ventricle 326 322 1652 0.825 0.812 0.266 0.866 0.899 0.343 0.885 0.917 0.165 0.685 0.659 0.076
Third Ventricle 171 195 681 0.784 0.703 0.213 0.713 0.763  0.011 0.727  0.701 0.029  0.424 0.382  0.010
Fourth Ventricle 209 236 801 0.818 0.863 0.607 0.699 0.797 8700 0.788 0.825 0.680 0.456  0.535  0.350
Right Anterior Horn 215 251 697 0.751 0.768 0.298 0.814 0.773 0.007 0.725 0.746 0.055 0.511 0.423 0.027
Right Atrium 136 186 959 0.564 0.677 0.535 0.684 0.785 0.345 0.568 0.712 0.368 0.372 0.444  0.162
Right Posterior Horn 39 48 652 0.469 0.859 0.192 0.538 0.542 0.353 0.523 0.605 0.242 0.173 0.289  0.083
Right Temporal Horn 205 276 849 0.778 0.764 0.327 0.787 0.797 0.432 0.770 0.797 0.372 0.46 0.519 0.168
Left Anterior Horn 197 240 681 0.783 0.823 0.673 0.933 0.812 0.119 0.804 0779 0.154 0.615 0.529  0.092
Left Atrium 160 208 980 0.698 0.768 0.802 0.779 0.745 0.050 0.738 0.818 0.272 0.493 0.545 0.110
Left Posterior Horn 44 56 750 0.384 0.642 0377 0591 0.446 0.307 0.301 0.441 0.265 0.071 0.178  0.103
Left Temporal Horn 225 249 855 0.733 0.715 0.456 0.760 0.871 0.399 0.757 0.817 0.350 0.458 0.496 0.150

mAP50, Mean Average Precision with Jaccard Threshold of 0.5; MAP with 10 Threshold steps between 0.5 and 0.95.

Table 3

YOLO and 2D-U-Net: Training validation, holdout and external validation performance of manual segmentations versus predictions.

Training Validation Holdout Validation External Validation

Mean + SD Median (IQR) Mean + SD Median (IQR) Mean + SD Median (IQR)
Dice
Body of Right Lateral Ventricle 0.87 £0.18 0.93 (0.071) 0.89 + 0.14 0.93 (0.063) 0.89 + 0.05 0.90 (0.04)
Body of Left Lateral Ventricle 0.92 £+ 0.08 0.95 (0.04) 0.91 £0.1 0.94 (0.045) 0.90 £ 0.05 0.91 (0.04)
Third Ventricle 0.8 +0.17 0.85(0.111) 0.82 +0.12 0.84 (0.119) 0.73 £ 0.12 0.75 (0.10)
Fourth Ventricle 0.8 +0.1 0.82(0.118) 0.78 + 0.24 0.87 (0.144) 0.75 + 0.07 0.77 (0.08)
Right Anterior Horn 0.88 £ 0.1 0.9 (0.065) 0.89 £+ 0.07 0.9 (0.052) 0.77 £ 0.17 0.83 (0.16)
Right Atrium 0.75 £ 0.2 0.83 (0.175) 0.85 + 0.07 0.87 (0.095) 0.66 + 0.16 0.69 (0.18)
Right Temporal Horn 0.8 +0.2 0.86 (0.106) 0.8 £0.18 0.86 (0.11) 0.61 +0.18 0.66 (0.22)
Left Anterior Horn 0.91 £ 0.05 0.93 (0.044) 0.91 £+ 0.05 0.92 (0.043) 0.78 £ 0.17 0.81 (0.17)
Left Atrium 0.9 + 0.06 0.91 (0.047) 0.89 + 0.04 0.9 (0.054) 0.64 +0.13 0.67 (0.15)
Posterior Horns 0.18 + 0.24 0.08 (0.303) 0.43 +£0.17 0.43 (0.269) 0.18 + 0.05 0.18 (0.03)
Left Temporal Horn 0.83 +0.18 0.88 (0.091) 0.81 +0.14 0.86 (0.126) 0.62 + 0.17 0.69 (0.20)
Jaccard
Body of Right Lateral Ventricle 0.8 +0.2 0.87 (0.121) 0.81 +0.16 0.87 (0.109) 0.81 + 0.08 0.82 (0.07)
Body of Left Lateral Ventricle 0.87 £ 0.1 0.9 (0.072) 0.85 +0.12 0.89 (0.08) 0.82 + 0.07 0.84 (0.07)
Third Ventricle 0.7 £ 0.18 0.74 (0.165) 0.71 £ 0.14 0.73 (0.178) 0.58 + 0.12 0.60 (0.12)
Fourth Ventricle 0.68 + 0.13 0.7 (0.168) 0.68 + 0.24 0.77 (0.216) 0.61 + 0.09 0.63 (0.10)
Right Anterior Horn 0.79 + 0.13 0.82(0.107) 0.81 + 0.09 0.82 (0.086) 0.66 + 0.18 0.71 (0.22)
Right Atrium 0.64 + 0.21 0.7 (0.243) 0.75 £ 0.1 0.76 (0.145) 0.50 + 0.15 0.52 (0.20)
Right Temporal Horn 0.7 £ 0.19 0.75 (0.161) 0.7 +£0.19 0.75 (0.165) 0.46 + 0.18 0.49 (0.23)
Left Anterior Horn 0.84 + 0.07 0.86 (0.075) 0.84 + 0.08 0.86 (0.073) 0.66 + 0.19 0.69 (0.24)
Left Atrium 0.82 + 0.08 0.84 (0.079) 0.81 + 0.07 0.83 (0.088) 0.48 +£0.13 0.50 (0.17)
Posterior Horns 0.12 £ 0.18 0.04 (0.179) 0.29 + 0.14 0.27 (0.221) 0.10 £ 0.03 0.10 (0.02)
Left Temporal Horn 0.73 + 0.17 0.78 (0.14) 0.71 £ 0.16 0.75 (0.187) 0.47 +0.17 0.52 (0.22)
95th percentile Hausdorff distance
Body of Right Lateral Ventricle 14.82 + 21.8 6.84 (7.649) 12.84 + 15.74 6.4 (9.701) 4.2 +£245 3.46 (3.0)
Body of Left Lateral Ventricle 7.88 + 8.66 5.1 (4.062) 9.21 £+ 10.05 5.39 (5.96) 5.08 + 4.12 4.0 (3.33)
Third Ventricle 15.71 + 13.63 9.86 (17.041) 12.81 +10.3 9.86 (10.809) 5.98 +7.43 4.36 (2.66)
Fourth Ventricle 15.39 + 12.87 9.0 (17.01) 14.96 + 17.51 6.4 (12.08) 3.61 +3.78 2.95 (1.33)
Right Anterior Horn 13.47 + 14.32 10.16 (7.746) 9.86 + 5.58 8.56 (5.98) 3.79 £ 5.87 2.24 (1.58)
Right Atrium 24.65 + 25.85 16.01 (19.097) 20.14 +10.72 19.39 (10.534) 6.69 + 4.03 5.74 (3.23)
Right Temporal Horn 11.55 + 16.7 6.4 (5.63) 11.58 + 15.38 6.12 (6.949) 12.98 + 11.29 10.18 (15.81)
Left Anterior Horn 8.59 + 5.74 7.07 (4.193) 7.43 £3.5 6.38 (3.355) 3.46 +5.25 2.0 (2.2)
Left Atrium 11.25 + 8.02 8.05 (6.504) 13.0 £ 7.28 11.0 (11.333) 6.56 + 3.05 6.0 (4.0)
Posterior Horns 143.19 + 71.6 145.46 (150.05) 138.32 + 13.96 140.37 (17.329) 17.06 + 0.66 17.06 (0.66)
Left Temporal Horn 12.22 + 12.65 7.21 (8.463) 11.84 + 14.9 7.07 (7.37) 13.53 + 10.27 10.44 (16.92)

SD, standard deviation; IQR, interquartile range.

validation results also seem generally lower. While this is an expected
tendency in machine learning models, some loss of performance is
probably attributed to the fact that the entire pipeline was used for
external validation, thereby introducing some additional error. Notably,
the transitions between subregions can diminish performance as label-
ling and predictions were only executed on axial slices. This is not

always perfectly aligned with anatomical boundaries in the ventricular
system. This is also illustrated by the higher relative volumetric error
(RVE) of individual subregions compared to combinations such as the
entire left side. For future projects, combining all three planes could
potentially help alleviate that issue. Smaller regions, such as the third
and fourth ventricles, and especially the posterior horn, showed higher
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Table 4
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nnU-Net: Validation Training, holdout and external validation performance of manual segmentations versus predictions.

Validation Training Holdout Validation External Validation

Mean + SD Median (IQR) Mean =+ SD Median (IQR) Mean + SD Median (IQR)
Dice
Body of Right Lateral Ventricle 0.73 + 0.33 0.88 (0.12) 0.73 + 0.33 0.88 (0.12) 0.50 + 0.21 0.51 (0.32)
Body of Left Lateral Ventricle 0.74 + 0.34 0.90 (0.09) 0.74 + 0.34 0.90 (0.09) 0.41 + 0.23 0.42 (0.43)
Third Ventricle 0.82 £ 0.11 0.87 (0.09) 0.82 +0.11 0.87 (0.09) 0.21 + 0.28 0.00 (0.50)
Fourth Ventricle 0.85 + 0.05 0.87 (0.06) 0.85 + 0.05 0.87 (0.06) 0.20 + 0.26 0.00 (0.47)
Right Anterior Horn 0.72 + 0.28 0.81 (0.19) 0.72 + 0.28 0.81 (0.19) 0.41 + 0.27 0.45 (0.43)
Right Atrium 0.58 + 0.32 0.72 (0.37) 0.58 + 0.32 0.72 (0.37) 0.02 + 0.07 0.00 (0.00)
Right Posterior Horn 0.27 + 0.36 0.00 (0.67) 0.27 + 0.36 0.00 (0.67) 0.01 + 0.05 0.00 (0.00)
Right Temporal Horn 0.61 + 0.33 0.76 (0.42) 0.61 + 0.33 0.76 (0.42) 0.06 + 0.13 0.00 (0.04)
Left Anterior Horn 0.70 + 0.29 0.81 (0.27) 0.70 + 0.29 0.81 (0.27) 0.43 + 0.26 0.44 (0.38)
Left Atrium 0.54 + 0.32 0.68 (0.47) 0.54 + 0.32 0.68 (0.47) 0.02 + 0.07 0.00 (0.00)
Left Posterior Horn 0.27 + 0.35 0.00 (0.61) 0.27 + 0.35 0.00 (0.61) 0.02 + 0.08 0.00 (0.00)
Left Temporal Horn 0.58 + 0.36 0.77 (0.60) 0.58 + 0.36 0.77 (0.60) 0.20 + 0.21 0.09 (0.38)
Jaccard
Body of Right Lateral Ventricle 0.65 + 0.31 0.78 (0.19) 0.65 + 0.31 0.78 (0.19) 0.36 £ 0.18 0.34 (0.29)
Body of Left Lateral Ventricle 0.67 + 0.32 0.82 (0.15) 0.67 + 0.32 0.82 (0.15) 0.28 + 0.19 0.26 (0.35)
Third Ventricle 0.71 £ 0.14 0.77 (0.13) 0.71 + 0.14 0.77 (0.13) 0.15 + 0.20 0.00 (0.33)
Fourth Ventricle 0.75 £+ 0.07 0.77 (0.09) 0.75 £ 0.07 0.77 (0.09) 0.14 £ 0.19 0.00 (0.30)
Right Anterior Horn 0.61 + 0.26 0.69 (0.27) 0.61 + 0.26 0.69 (0.27) 0.29 + 0.22 0.29 (0.35)
Right Atrium 0.47 +0.28 0.56 (0.39) 0.47 + 0.28 0.56 (0.39) 0.01 + 0.04 0.00 (0.00)
Right Posterior Horn 0.21 + 0.30 0.00 (0.50) 0.21 + 0.30 0.00 (0.50) 0.01 + 0.03 0.00 (0.00)
Right Temporal Horn 0.51 +£0.31 0.62 (0.48) 0.51 £0.31 0.62 (0.48) 0.03 £+ 0.08 0.00 (0.02)
Left Anterior Horn 0.60 + 0.28 0.68 (0.37) 0.60 + 0.28 0.68 (0.37) 0.30 + 0.21 0.29 (0.33)
Left Atrium 0.43 £ 0.29 0.52 (0.45) 0.43 + 0.29 0.52 (0.45) 0.01 + 0.04 0.00 (0.00)
Left Posterior Horn 0.22 £ 0.29 0.00 (0.44) 0.22 +£0.29 0.00 (0.44) 0.01 £ 0.05 0.00 (0.00)
Left Temporal Horn 0.48 + 0.31 0.62 (0.57) 0.48 + 0.31 0.62 (0.57) 0.13 + 0.14 0.05 (0.23)
95th percentile Hausdorff distance
Body of Right Lateral Ventricle 11.26 + 13.14 5.05 (7.79) 11.26 + 13.14 5.05 (7.79) 32.69 + 25.13 24.33 (22.36)
Body of Left Lateral Ventricle 10.81 +12.78 4.74 (6.00) 10.81 + 12.78 4.74 (6.00) 45.98 + 33.56 32.40 (65.13)
Third Ventricle 3.81 +3.28 2.40 (2.23) 3.81 + 3.28 2.40 (2.23) 5.69 + 14.29 0.00 (5.74)
Fourth Ventricle 2.01 +0.84 1.98 (1.13) 2.01 + 0.84 1.98 (1.13) 7.85 + 14.26 3.61 (8.27)
Right Anterior Horn 7.43 +7.87 3.80 (4.75) 7.43 +7.87 3.80 (4.75) 18.20 + 25.13 8.60 (12.79)
Right Atrium 17.26 + 19.82 5.58 (29.39) 17.26 +19.82 5.58 (29.39) 6.22 +13.11 0.00 (8.00)
Right Posterior Horn 8.43 + 14.50 0.50 (9.71) 8.43 + 14.50 0.50 (9.71) 18.11 + 29.05 0.00 (39.16)
Right Temporal Horn 17.39 + 24.24 4.71 (15.91) 17.39 + 24.24 4.71 (15.91) 25.49 + 32.85 14.32 (29.51)
Left Anterior Horn 7.29 + 7.50 3.56 (7.77) 7.29 + 7.50 3.56 (7.77) 9.92 + 8.33 8.00 (7.62)
Left Atrium 15.72 + 18.73 5.70 (11.81) 15.72 + 18.73 5.70 (11.81) 15.32 + 24.06 0.00 (22.10)
Left Posterior Horn 11.59 + 18.47 2.70 (8.90) 11.59 + 18.47 2.70 (8.90) 9.92 + 30.41 0.00 (0.00)
Left Temporal Horn 19.59 + 24.51 5.27 (28.81) 19.59 + 24.51 5.27 (28.81) 28.25 + 25.46 22.62 (50.78)

SD, standard deviation; IQR, interquartile range.

RVE. As the RVE for the entire ventricular system was relatively low, the
possibility to answer the clinically relevant questions of width and
changes over time should not be affected by that.

Toma et al. stated that the strength of correlation between radio-
logical indexes and the actual ventricular volume depends heavily on
the slice that is chosen for assessment (Toma et al., 2011). Hence,
integrating the measurements of multiple slices and thereby calculating
the volume should be beneficiary.

Our fully automated approach offers several clinical benefits. First,
ventricular width is a highly important feature in many pathologies.
While it can be objectified by attempting to reproduce the same slice
orientation in three-dimensionally reconstructed CT scans, inaccuracies
can easily occur. Automation of assessment ensures reproducibility and
objectivity. Second, volumetry is more sensitive to changes than linear
measurements, as shown for tumors (Cai and Hong, 2018; Ellingson
et al., 2021). Third, certain types of hydrocephalus, especially the
occlusive type, can only affect partial subregions of the ventricular
system. This is novel in our pipeline: subregions and also temporal
changes can be quantified.

Furthermore, the CT scans were not aligned, and more than one CT
vendor was included. The resulting more heterogeneous dataset should
make the models more robust and increase their generalizability. As our
primary goal was to design a pipeline fit for clinical use, the dataset
included two common vendors (GE and Philips). Nonetheless, external

validation performance using the entire pipeline was very adequate for
most cases and not notably lower than internal validation.

Other similar work, that included fewer subregions, reached Dice
scores of up to 0.95 (Huff et al., 2019; Klimont et al., 2019; Maragkos
et al., 2021). Huff et al. did not perform external validation and only
included non-pathological cases (Huff et al., 2019). While Maragkos
et al. used a more diverse dataset, also no external validation was per-
formed on a separately obtained dataset (Maragkos et al., 2021). Goo
HW used a semi-automatic threshold-based approach for ventricular
volume quantification, requiring 10-15 min per scan (Goo, 2021). Our
pipeline can accelerate this value to roughly 3 min per scan, depending
on available computational resources. Manual input time is well below
that in any case.

While performance overall was not perfect, it seems highly adequate
to answer clinically relevant questions: Did the ventricular volume in-
crease or decrease? Are lateral ventricles and temporal horns wider or
not? These questions are generally compared manually with linear
measurements. Especially in ICU-settings with multiple scans in short
periods, subtle changes can be difficult to objectify, especially with
inconsistent positioning of patients. With detailed automated volume-
try, we hope to provide additional insight into changes over time.

The additional graphical user interface should facilitate application
in clinical settings. Also, we hope to lay the foundation for radiomic or
topological analysis of shape features, such as the sphericity of frontal
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horns or the width of temporal horns (Han et al., 2022; Lo et al., 2021).
While the resolution is currently kept at 256 x 256 x 256 for compu-
tational efficiency, it can easily be adapted to native voxel size to in-
crease accuracy. Generally, the segmentation offers the potential for
analyzing different indexes that have also been proposed to answer
clinical questions differently (Ryska et al., 2020; Yamada et al., 2015).

4.1. Limitations

Distortive factors, such as patients who underwent craniectomy,
were not included in our dataset. Hence, predicting from scans including
these properties might not be compatible with our software. Also, the
external validation cohort only contained patients with normal pressure
hydrocephalus. Therefore, the pipeline is not yet ready to be applied to
the entire spectrum of pathologies that require assessment of ventricular
width. Yet, the current models can be used to speed up the creation of a
new dataset. From a suggestion of the pipeline's output, manual
correction can ensure a high-quality ground truth with reduced effort.

Limited by the graphical processing unit (GPU) on most clinical
workstations, the calculation of the prediction can take several minutes.
However, no action is required after the input and the task can be
executed in the background. This makes it a time-efficient process.

Interrater agreement of neurosurgeons and radiologists for ventric-
ular volume is not perfect, with an ICC of 0.846 (Bao et al., 2016). On the
one hand, this creates a limiting factor of how well machine learning
algorithms can approximate the absolute truth. They can only be as good
as their input data which usually contains errors or disagreements
rooting from manual segmentations (De Sutter et al., 2025; Karimi et al.,
2020). On the other hand, with an 95% CI of ICC of up to 0.94-1.0 our
models seem to have a better correlation to manual segmentation than
the two human groups mentioned before. Additionally, they predict in a
more objective manner, every time identical and are not subject to
human variance.

Finally, further research and clinical evaluation is needed in order to
assess the clinical benefits of computerized volumetric segmentation of
ventricles.

5. Conclusion

Our pipeline is able to quantify the ventricular volume with
anatomical subregions. This addresses a frequent issue in clinical prac-
tice since ventricular volume plays a role in a plethora of neurosurgical
pathologies. With automated volumetry of anatomical subregions, we
are able to offer the benefits of three-dimensional measurements in an
objective manner as well as detailed analysis of regional variation in
ventricular volumes, e.g. temporal horn changes only.

CRediT authorship contribution statement

Raffaele Da Mutten: Writing — original draft, Visualization, Vali-
dation, Project administration, Methodology, Investigation, Formal
analysis, Data curation, Conceptualization. Olivier Zanier: Writing —
review & editing, Formal analysis, Data curation, Conceptualization.
Alessandro Carreta: Writing — review & editing, Data curation. Giorgio
Palandri: Writing — review & editing. Massimo Bottini: Writing — re-
view & editing, Software, Project administration, Formal analysis, Data
curation. Daniel de Wilde: Writing — review & editing, Software, Data
curation. Ulf C. Schneider: Writing — review & editing, Supervision.
Luca Regli: Writing — review & editing, Resources. Carlo Serra: Writing
- review & editing, Project administration, Formal analysis, Conceptu-
alization. Victor E. Staartjes: Writing — review & editing, Supervision,
Project administration, Investigation, Formal analysis, Data curation,
Conceptualization.

Neuroimage: Reports 6 (2026) 100325
Declaration of generative Al in writing

During the preparation of this work the authors used ChatGPT and
Grammarly in order to improve language. After using this tool, the au-
thors reviewed and edited the content as needed and take full re-
sponsibility for the content of the published article.

Availability of data and material

The data in support of our findings can be obtained upon reasonable
request from the corresponding author. Visit https://github.com/r
affaele7/Ventricle/ in order to download the graphical user interface.

Funding

Dr. Staartjes is supported by the Prof. Dr. Max Cloetta foundation.
Otherwise, the authors declare that no funds, grants, or other support
were received during the preparation of this manuscript.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgments
None.
Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
0rg/10.1016/j.ynirp.2026.100325.

References

Ambarki, K., Israelsson, H., Wéhlin, A., Birgander, R., Eklund, A., Malm, J., 2010. Brain
ventricular size in healthy elderly: Comparison between Evans index and volume
measurement. Neurosurgery 67, 94-99. https://doi.org/10.1227/01.
NEU.0000370939.30003.D1.

Aschoff, A., Kremer, P., Hashemi, B., Kunze, S., 1999. The scientific history of
hydrocephalus and its treatment. Neurosurg. Rev. 22, 67-93. https://doi.org/
10.1007/5101430050035 discussion 94-95.

Aukland, S.M., Odberg, M.D., Gunny, R., Chong, W.K. ‘Kling, Eide, G.E., Rosendahl, K.,
2008. Assessing ventricular size: is subjective evaluation accurate enough? New
MRI-based normative standards for 19-year-olds. Neuroradiology 50, 1005-1011.
https://doi.org/10.1007/s00234-008-0432-4.

Bao, J., Gao, Y., Cao, Y., Xu, S., Zheng, Y., Wang, Yong, Jiang, J., Wang, Yao, Zhou, Y.,
Zhong, C., 2016. Feasibility of simple linear measurements to determine ventricular
enlargement in patients with idiopathic normal pressure hydrocephalus.

J. Craniofac. Surg. 27, e462—e465. https://doi.org/10.1097/
SCS.0000000000002779.

Cai, W.-L., Hong, G.-B., 2018. Quantitative image analysis for evaluation of tumor
response in clinical oncology. Chronic Dis. Transl. Med., Prec. Med. Oncol. 4, 18-28.
https://doi.org/10.1016/j.cdtm.2018.01.002.

De Sutter, S., Dirks, I., Raes, L., Geens, W., Everaert, H., Bourgeois, S., Duerinck, J.,
Vandemeulebroucke, J., 2025. Interobserver ground-truth variability limits
performance of automated glioblastoma segmentation on [18F]FET PET. EJNMMI
Phys. 12, 54. https://doi.org/10.1186/s40658-025-00767-y.

Dice, L.R., 1945. Measures of the amount of ecologic association between species.
Ecology 26, 297-302. https://doi.org/10.2307/1932409.

Ellingson, B.M., Kim, G.H.J., Brown, M., Lee, J., Salamon, N., Steelman, L., Hassan, I,
Pandya, S.S., Chun, S., Linetsky, M., Yoo, B., Wen, P.Y., Mellinghoff, I.K., Goldin, J.,
Cloughesy, T.F., 2021. Volumetric measurements are preferred in the evaluation of
mutant IDH inhibition in non-enhancing diffuse gliomas: evidence from a phase I
trial of ivosidenib. Neuro Oncol. 24, 770-778. https://doi.org/10.1093/neuonc/
noab256.

Evans, W.A., 1942. AN encephalographic ratio for estimating the size of the cerebral
ventricles: further experience with serial observations. Am. J. Dis. Child. 64, 820.
https://doi.org/10.1001/archpedi.1942.02010110052006.

Fedorov, A., Beichel, R., Kalpathy-Cramer, J., Finet, J., Fillion-Robin, J.-C., Pujol, S.,
Bauer, C., Jennings, D., Fennessy, F., Sonka, M., Buatti, J., Aylward, S., Miller, J.V.,
Pieper, S., Kikinis, R., 2012. 3D slicer as an image computing platform for the
quantitative imaging network. Magn. Reson. Imaging 30, 1323-1341. https://doi.
org/10.1016/j.mri.2012.05.001.


https://github.com/raffaele7/Ventricle/
https://github.com/raffaele7/Ventricle/
https://doi.org/10.1016/j.ynirp.2026.100325
https://doi.org/10.1016/j.ynirp.2026.100325
https://doi.org/10.1227/01.NEU.0000370939.30003.D1
https://doi.org/10.1227/01.NEU.0000370939.30003.D1
https://doi.org/10.1007/s101430050035
https://doi.org/10.1007/s101430050035
https://doi.org/10.1007/s00234-008-0432-4
https://doi.org/10.1097/SCS.0000000000002779
https://doi.org/10.1097/SCS.0000000000002779
https://doi.org/10.1016/j.cdtm.2018.01.002
https://doi.org/10.1186/s40658-025-00767-y
https://doi.org/10.2307/1932409
https://doi.org/10.1093/neuonc/noab256
https://doi.org/10.1093/neuonc/noab256
https://doi.org/10.1001/archpedi.1942.02010110052006
https://doi.org/10.1016/j.mri.2012.05.001
https://doi.org/10.1016/j.mri.2012.05.001

R. Da Mutten et al.

Goo, H.W., 2021. Hydrocephalus: ventricular volume quantification using three-
dimensional brain CT data and semiautomatic three-dimensional threshold-based
segmentation approach. Korean J. Radiol. 22, 435. https://doi.org/10.3348/
kjr.2020.0671.

Han, J., Kim, M.N,, Lee, H.-W., Jeong, S.Y., Lee, S.-W., Yoon, U., Kang, K., 2022. Distinct
volumetric features of cerebrospinal fluid distribution in idiopathic normal-pressure
hydrocephalus and Alzheimer's disease. Fluids Barriers CNS 19, 66. https://doi.org/
10.1186/512987-022-00362-8.

Hochstetler, A., Raskin, J., Blazer-Yost, B.L., 2022. Hydrocephalus: historical analysis
and considerations for treatment. Eur. J. Med. Res. 27, 168. https://doi.org/
10.1186/s40001-022-00798-6.

Huff, T.J., Ludwig, P.E., Salazar, D., Cramer, J.A., 2019. Fully automated intracranial
ventricle segmentation on CT with 2D regional convolutional neural network to
estimate ventricular volume. Int. J. Comput. Assist. Radiol. Surg. 14, 1923-1932.
https://doi.org/10.1007/5s11548-019-02038-5.

Jaccard, P., 1912. The distribution of the flora in the alpine ZONE.1. New Phytol. 11,
37-50. https://doi.org/10.1111/§.1469-8137.1912.tb05611.x.

Jocher, G., Changyu, L., Hogan, A., Lijun, Yu F /% Changyu, Rai, P., Sullivan, T., 2020.
ultralytics/yolov5: Initial release. https://doi.org/10.5281/ZENODO.3908560.
Karimi, D., Dou, H., Warfield, S.K., Gholipour, A., 2020. Deep learning with noisy labels:
exploring techniques and remedies in medical image analysis. Med. Image Anal. 65,

101759. https://doi.org/10.1016/j.media.2020.101759.

King, B.F., 2018. Artificial intelligence and radiology: what will the future hold? J. Am.
Coll. Radiol. 15, 501-503. https://doi.org/10.1016/j.jacr.2017.11.017.

Klimont, M., Flieger, M., Rzeszutek, J., Stachera, J., Zakrzewska, A., Joriczyk-
Potoczna, K., 2019. Automated ventricular system segmentation in paediatric
patients treated for hydrocephalus using deep learning methods. BioMed Res. Int.
2019, 1-9. https://doi.org/10.1155/2019/3059170.

Li, X., Morgan, P.S., Ashburner, J., Smith, J., Rorden, C., 2016. The first step for
neuroimaging data analysis: DICOM to NIfTI conversion. J. Neurosci. Methods 264,
47-56. https://doi.org/10.1016/j.jneumeth.2016.03.001.

Lo, Y.T., Kumar, S., Tan, L.Q., Lock, C., Keong, N.C.H., 2021. The topology of ventricle
surfaces and its application in the analysis of hydrocephalic ventricles: a proof-of-
concept study. Neuroradiology 63, 1689-1699. https://doi.org/10.1007/s00234-
021-02698-8.

Maragkos, G.A., Filippidis, A.S., Chilamkurthy, S., Salem, M.M., Tanamala, S., Gomez-
Paz, S., Rao, P., Moore, J.M., Papavassiliou, E., Hackney, D., Thomas, A.J., 2021.
Automated lateral ventricular and cranial vault volume measurements in 13,851
patients using deep learning algorithms. World Neurosurg. 148, e363-e373. https://
doi.org/10.1016/j.wneu.2020.12.148.

Neuroimage: Reports 6 (2026) 100325

Miskin, N., Patel, H., Franceschi, A.M., Ades-Aron, B., Le, A., Damadian, B.E., Stanton, C.,
Serulle, Y., Golomb, J., Gonen, O., Rusinek, H., George, A.E., For the Alzheimer’s
Disease Neuroimaging Initiative, 2017. Diagnosis of normal-pressure hydrocephalus:
use of traditional measures in the era of volumetric MR imaging. Radiology 285,
197-205. https://doi.org/10.1148/radiol.2017161216.

Mortazavi, M.M., Adeeb, N., Griessenauer, C.J., Sheikh, H., Shahidi, S., Tubbs, R.1.,
Tubbs, R.S., 2014. The ventricular system of the brain: a comprehensive review of its
history, anatomy, histology, embryology, and surgical considerations. Childs Nerv.
Syst. 30, 19-35. https://doi.org/10.1007/s00381-013-2321-3.

Obermeyer, Z., Emanuel, E.J., 2016. Predicting the future — big data, machine learning,
and clinical medicine. N. Engl. J. Med. 375, 1216-1219. https://doi.org/10.1056/
NEJMp1606181.

Ralescu, A., 1984. Probability and fuzziness. Inf. Sci. 34, 85-92. https://doi.org/
10.1016/0020-0255(84)90018-5.

Reinard, K., Basheer, A., Phillips, S., Snyder, A., Agarwal, A., Jafari-Khouzani, K.,
Soltanian-Zadeh, H., Schultz, L., Aho, T., Schwalb, J., 2015. Simple and reproducible
linear measurements to determine ventricular enlargement in adults. Surg. Neurol.
Int. 6, 59. https://doi.org/10.4103/2152-7806.154777.

Reis, D., Kupec, J., Hong, J., Daoudi, A., 2023. Real-time flying object detection with
YOLOVS. https://doi.org/10.48550/ARXIV.2305.09972.

Rekate, H.L., 2009. A contemporary definition and classification of hydrocephalus.
Semin. Pediatr. Neurol. 16, 9-15. https://doi.org/10.1016/j.spen.2009.01.002.

Ronneberger, O., Fischer, P., Brox, T., 2015. U-Net: Convolutional Networks for
Biomedical Image Segmentation. ArXiv150504597 Cs.

Ryska, P., Slezak, O., Eklund, A., Malm, J., Salzer, J., Zizka, J., 2020. Radiological
markers of idiopathic normal pressure hydrocephalus: relative comparison of their
diagnostic performance. J. Neurol. Sci. 408, 116581. https://doi.org/10.1016/].
jns.2019.116581.

Taha, A.A., Hanbury, A., 2015. Metrics for evaluating 3D medical image segmentation:
analysis, selection, and tool. BMC Med. Imaging 15, 29. https://doi.org/10.1186/
512880-015-0068-x.

Toma, A.K., Holl, E., Kitchen, N.D., Watkins, L.D., 2011. Evans' index revisited: the need
for an alternative in normal pressure hydrocephalus. Neurosurgery 68, 939-944.
https://doi.org/10.1227/NEU.0b013e318208f5e0.

Yamada, S., Ishikawa, M., Yamamoto, K., 2015. Optimal diagnostic indices for idiopathic
normal pressure hydrocephalus based on the 3D quantitative volumetric analysis for
the cerebral ventricle and subarachnoid space. Am. J. Neuroradiol. 36, 2262-2269.
https://doi.org/10.3174/ajnr.A4440.


https://doi.org/10.3348/kjr.2020.0671
https://doi.org/10.3348/kjr.2020.0671
https://doi.org/10.1186/s12987-022-00362-8
https://doi.org/10.1186/s12987-022-00362-8
https://doi.org/10.1186/s40001-022-00798-6
https://doi.org/10.1186/s40001-022-00798-6
https://doi.org/10.1007/s11548-019-02038-5
https://doi.org/10.1111/j.1469-8137.1912.tb05611.x
https://doi.org/10.5281/ZENODO.3908560
https://doi.org/10.1016/j.media.2020.101759
https://doi.org/10.1016/j.jacr.2017.11.017
https://doi.org/10.1155/2019/3059170
https://doi.org/10.1016/j.jneumeth.2016.03.001
https://doi.org/10.1007/s00234-021-02698-8
https://doi.org/10.1007/s00234-021-02698-8
https://doi.org/10.1016/j.wneu.2020.12.148
https://doi.org/10.1016/j.wneu.2020.12.148
https://doi.org/10.1148/radiol.2017161216
https://doi.org/10.1007/s00381-013-2321-3
https://doi.org/10.1056/NEJMp1606181
https://doi.org/10.1056/NEJMp1606181
https://doi.org/10.1016/0020-0255(84)90018-5
https://doi.org/10.1016/0020-0255(84)90018-5
https://doi.org/10.4103/2152-7806.154777
https://doi.org/10.48550/ARXIV.2305.09972
https://doi.org/10.1016/j.spen.2009.01.002
http://refhub.elsevier.com/S2666-9560(26)00008-5/sref30
http://refhub.elsevier.com/S2666-9560(26)00008-5/sref30
https://doi.org/10.1016/j.jns.2019.116581
https://doi.org/10.1016/j.jns.2019.116581
https://doi.org/10.1186/s12880-015-0068-x
https://doi.org/10.1186/s12880-015-0068-x
https://doi.org/10.1227/NEU.0b013e318208f5e0
https://doi.org/10.3174/ajnr.A4440

	Fully automated volumetry of ventricular subregions on computed tomography using object detection and semantic segmentation
	1 Introduction
	2 Methods
	2.1 Data collection
	2.2 Ethical considerations
	2.3 Labelling
	2.4 Image preprocessing
	2.5 Object detection
	2.6 Semantic segmentation
	2.7 Evaluation
	2.8 Backsampling
	2.9 Deployment
	2.10 nnU-Net

	3 Results
	3.1 Dataset
	3.2 YOLO: object detection
	3.3 U-Nets: semantic segmentation

	4 Discussion
	4.1 Limitations

	5 Conclusion
	CRediT authorship contribution statement
	Declaration of generative AI in writing
	Availability of data and material
	Funding
	Declaration of competing interest
	Acknowledgments
	Appendix A Supplementary data
	References


