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Abstract

Normal pressure hydrocephalus (NPH) is a brain disorder associated with enlarged ventricles and
multiple cognitive and motor symptoms. The degree of ventricular enlargement can be measured
using magnetic resonance images (MRIs) and characterized quantitatively using the Evan’s ratio
(ER). Automatic computation of ER is desired to avoid the extra time and variations associated
with manual measurements on MRI. Because shunt surgery is often used to treat NPH, it is
necessary that this process be robust to image artifacts caused by the shunt and related implants.

In this paper, we propose a 3D regions-of-interest aware (ROI-aware) network for segmenting the
ventricles. The method achieves state-of-the-art performance on both pre-surgery MRIs and post-
surgery MRIs with artifacts. Based on our segmentation results, we also describe an automated
approach to compute ER from these results. Experimental results on multiple datasets demonstrate
the potential of the proposed method to assist clinicians in the diagnosis and management of NPH.

Index Terms—
Normal pressure hydrocephalus; Evan’s ratio; Magnetic resonance imaging

1. INTRODUCTION

Normal pressure hydrocephalus (NPH), presenting as ventriculomegaly, is a chronic disease

with symptoms of cognitive impairment, gait dysfunction, and dementia [1]. Compared
with healthy subjects, the ventricles of NPH patients are greatly expanded with excess
cerebrospinal fluid (CSF) causing distortion of the human brain (see Figs. 1(a) and (b)).

However, unlike Parkinson’s, Alzheimer’s, and other neurological diseases, the symptoms of
NPH are potentially reversable by CSF valve shunting surgery to remove some excess CSF

12].
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The diagnosis of NPH remains challenging because the symptoms of NPH overlap with
various forms of dementia. Evan’s ratio (ER) [3] as illustrated in Fig. 1(d), is often used
to analyze brain magnetic resonance images (MRIs) for possible NPH and to monitor the
effectiveness of shunt surgery. To date, the measurements required for computation of ER
have been made manually, which is time-consuming and prone to error. In this paper, we
describe an automatic procedure, illustrated in Fig. 1(e), which segments and labels the
ventricles, measures key dimensions in a normalized space, and outputs the ER.

FreeSurfer [4], RUDOLPH [5], VParNet [6, 7], and several other methods [8-12] provide
ventricle segmentations from MRIs. FreeSurfer is an atlas-based approach for whole brain
segmentation; it requires long processing time and may fail on NPH subjects with highly
enlarged ventricles or post-surgery MRI artifacts [13]. Although RUDOLPH is specially
designed for subjects with enlarged ventricles, it has a multi-hour run time and often fails
on post-surgical subjects. VParNet uses a 3D U-net to perform ventricle segmentation in
about 2 minutes. It works well on both NPH and healthy subjects, but it also fails when MRI
artifacts are present (see Fig. 4(c)).

In this paper, we propose a novel ventricle segmentation algorithm based on localization
network and a modified 3D U-net [14]. The method first finds a region-of-interest (ROI) for
the ventricles systems. The ROIs are then used to restrict the area of interests of a follow-up
segmentation model such that it can focus on the ventricle regions and ignore outer regions
that sometimes affected by image artifacts. We conducted comprehensive experiments on
three datasets: one dataset with healthy controls, one dataset of NPH patients, and one
dataset of NPH subjects with post-surgery implants (PS-NPH). Our method consistently
outperformed existing methods, especially on subjects with MRI artifacts. Built upon the
successful segmentation of ventricles, we then propose an automated ER computation
method and validated the agreement of the automated results with manual calculations

on 101 subjects. The correlation between our manual and automated ER computations

was 0.983, indicating the high reliability of our proposed ER calculation framework. Our
contributions can be summarized as: 1) First automated computation of Evan’s ratio; 2)
Validated Evan’s ratio on 101 subjects; 3) Improved ventricle segmentation that is robust to
post surgical artifacts.

METHODS

An overview of our method is shown in Fig. 2. To avoid the effect of MRI artifacts in

the image, we use a 3D locating network as the first step; this also reduces the area of
interest and thus the complexity of the task in the subsequent steps. The locating network
uses the architecture in [15] and is designed to generate four separate 3D bounding boxes,
two for the left and right lateral ventricles and one each for the third and fourth ventricles.
We use instance normalization with a small batch size for memory efficient training of the
locating network on 3D volumes. The segmentation network is based on the 3D U-net [14]
with instance normalization and nearest-neighbor interpolation for upsampling. It takes the
ROI-cropped images as input and segments the left lateral (LLV), right lateral (RLV), third
(3V), and fourth (4V) ventricles. The cerebral aqueduct is included in the third ventricle
label.
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3D locating network:

For the locating network, all images were rigidly registered to a standard MNI space.

The ground truth bounding boxes were obtained from the manual delineations of the four
ventricles, where the maximum and minimum coordinates were used as the starting and
stopping coordinates of the bounding box. The loss function to train the locating network is
given by

1 N
Loox = ~ Z s(X; = x;), where

i=1

0.5u2  iflu] < 1,

|4 — 0.5 otherwise.

s(u) =

Here, %, is a predicted bounding box coordinate with corresponding ground truth x;. There
are V=24, which corresponds to the two vertices for each of the four desired bounding
boxes. Our locating network was trained for 500 epochs using the Adam optimization
algorithm with a learning rate of @ = 1073,

Ventricle parcellation network:

The locating network finds four tight bounding boxes of varying sizes. To accommodate
our parcellation network, we expand the bounding boxes symmetrically in all six cardinal
directions so that each dimension is a multiple of 32. The segmentation network is trained
with the loss

1 £+22y MUINUI
Loiee =1 _flzl e+ Y, My+Y, Nyl

where M, is the probability that voxel vhas label /generated by the network after a
softmax, NV,;is the binary value indicating if voxel vshould be labeled / &= 1073 is used
to avoid a zero denominator during training. Data augmentation during training includes
random left-right flipping, elastic deformation, and rotation. Our network was trained for
150 epochs using the Adam optimizer with a learning rate of a = 1073,

Automated Evan'’s ratio calculation:

Based on our ventricle segmentation result and using a brain mask from [16], we automated
the Evan’s ratio (ER) calculation as illustrated in Fig. 1(f). Recall that all images and
corresponding masks are in MNI space. ER is calculated as the maximum width of the
frontal horns (MWFH) from the lateral ventricle masks divided by the maximum width of
the inner skull (MWS). Both the MWFH and MWS are identified as horizontal lines in MNI
space, as such we simply search our lateral ventricle masks for the MWFH, and the skull
mask for the MWS.
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3. EXPERIMENTS AND RESULTS

Datasets and Pre-processing:

Magnetization-prepared rapid gradient-echo (MPRAGE) T1-weighted (T1-w) images from
three cohorts were used to train and validate our proposed method. Four ventricle
compartments—i.e., the LLV, RLV, 3V, and 4V—were manually delineated. The first dataset
contains 50 MRIs of healthy controls from Neuromorphometrics Inc. (NMM) [17]; from
these, 15 images were randomly selected for training, 5 for validation, and the remaining

30 were used for testing. The second dataset contains 95 NPH subjects [7]; of these, 25
images were used for training, 5 for validation, and the remaining 65 for testing. The third
cohort contains 6 post-surgical images; these we used exclusively for testing. All images
were pre-processed using N4 inhomogeneity correction [18] and rigid registration to MNI
space.

In our first experiment, we compare our proposed method to FreeSurfer [4] and VVParNet

[7] on the 30 testing subjects from the NMM cohort, 65 subjects from our NPH cohort,

and 6 post-surgery subjects. We computed the Dice similarity coefficient (DSC) and the
95% Hausdorff distance (HD) for these three datasets, and report results in Fig. 3. For

all three cohorts, our proposed method is significantly better than VVParNet based on the
Wilcoxon signed-rank test (see Fig. 3 for significance levels). A visualization of the ventricle
parcellation produced by our method is shown in Figs. 4 (a), (b), and (c) for the NMM,
NPH, and PS-NPH data, respectively. As illustrated in Fig. 4 (c), FreeSurfer and VVParNet
both have failure cases in the area of the post-surgery valve artifact.

In our second experiment, we compare the Evan’s ratio (ER) value from our method

with the ER identified by manual measurements on the same testing subjects as in our
parcellation experiment (30 NMM subjects, 65 NPH subjects, and 6 PS-NPH subjects).

The manual measurements of ER were obtained by averaging the ER determined by

two annotators. Figure 5 shows a scatter plot of our automatic results and the manual
measurements; the correlation coefficient between these two measurements is 0.983. The
mean difference between the automated and manual measurements is 0.008 (1.4%). We note
that the automated and manual measurements of ER separated the healthy subjects (NMM
cohort) and NPH subjects (NPH and PS-NPH cohorts) at a threshold of 0.3, which coincides
with the threshold used by clinicians for NPH diagnosis [1, 19].

4. CONCLUSIONS

In this paper, we proposed a cascade workflow to regulate multi-ROls for robust parcellation
of ventricles in subjects with normal and enlarged ventricles, as well as those with post-
surgery MRI artifacts. Compared with the current state-of-the-art methods, our method
achieves superior results in both qualitative and quantitative evaluations on three datasets.

In addition, our proposed method is the only one that handled patients with post-surgery
images containing artifacts, demonstrating the robustness of the proposed ROI-aware
segmentation. We also presented an automated ER calculation method to assist with
diagnosis and monitoring of NPH. The correlation coefficient of ER between our automatic
and the manual measurement was 0.983, demonstrating the clinical potential of our method.
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Fig. 1.
T1-weighted MRIs showing the lateral ventricles of: (a) a healthy subject, (b) an NPH

subject, and (c) a post-surgical subject with an MRI artifact. (d) Evan’s ratio is A/B. (e)
Flowchart of automated Evan’s ratio computation, including the measurement of maximum
width of frontal horns (MWFH) and maximum width of inner skull (MWS).
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Flowchart of our ventricle parcellation. The locating network finds a 3D ROI around the

ventricles system, then the segmentation network segments the primary ventricle
BBs refer to bounding boxes.
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Box plots of DSC and 95% HD on NMM, NPH, and PS-NPH test datasets. Wilcoxon
signed-rank test was conducted between VVParNet and our method. Our results were
significantly better in all datasets (marked by asterisks: * for p < 0.05 and ** for p <

0.01.)
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Fig. 4.
Comparison of three methods for (a) an NMM, (b) an NPH, and (c) a PS-NPH subject; five

slices for each subject.
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