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ABSTRACT
Normal pressure hydrocephalus (NPH) affects older adults and is thought to be caused by obstruction of the
normal flow of cerebrospinal fluid (CSF). NPH typically presents with cognitive impairment, gait dysfunction,
and urinary incontinence, and may account for more than five percent of all cases of dementia. Unlike most other
causes of dementia, NPH can potentially be treated and the neurological dysfunction reversed by shunt surgery
or endoscopic third ventriculostomy (ETV), which drain excess CSF. However, a major diagnostic challenge
remains to robustly identify shunt-responsive NPH patients from patients with enlarged ventricles due to other
neurodegenerative diseases. Currently, radiologists grade the severity of NPH by detailed examination and
measurement of the ventricles based on stacks of 2D magnetic resonance images (MRIs). Here we propose a
new method to automatically segment and label different compartments of the ventricles in NPH patients from
MRIs. While this task has been achieved in healthy subjects, the ventricles in NPH are both enlarged and
deformed, causing current algorithms to fail. Here we combine a patch-based tissue classification method with a
registration-based multi-atlas labeling method to generate a novel algorithm that labels the lateral, third, and
fourth ventricles in subjects with ventriculomegaly. The method is also applicable to other neurodegenerative
diseases such as Alzheimer’s disease; a condition considered in the differential diagnosis of NPH. Comparison
with state of the art segmentation techniques demonstrate substantial improvements in labeling the enlarged
ventricles, indicating that this strategy may be a viable option for the diagnosis and characterization of NPH.
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1. INTRODUCTION
The ventricular system of the human brain consists of four main cavities, two large lateral ventricles and the
third and fourth ventricles (see Fig. 1A). All four ventricles contain a network of blood vessels, called choroid
plexus, that produces CSF. The CSF flows through the ventricular space within the brain, bathes the entire
central nervous system, and eventually reaches the venous system. The entire volume of CSF is renewed two to
three times per day.1 Disruption of flow can lead to excess CSF and a clinical condition called hydrocephalus. If
this happens on a chronic basis it is classified as the clinical syndrome of normal pressure hydrocephalus (NPH),
which is most common in the elderly. In NPH, the ventricles expand and press against nearby brain tissue
causing the brain shape to become distorted, which can lead to brain damage (see Fig. 1B).
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Figure 1. MR images of the ventricular systems of A) a healthy subject and B) an NPH subject.

NPH typically presents with cognitive impairment, gait dysfunction, and urinary incontinence, and may
account for more than five percent of all cases of dementia (U.S. News & World Report on Health, February,
2015). However, unlike other well-known causes of dementia, such as Alzheimer’s disease (AD), once diagnosed,
NPH patients have the option of shunt surgery or endoscopic third ventriculostomy (ETV) making NPH a
potentially reversible cause of dementia. Given this potential therapeutic option it is important to diagnose
those patients who will respond well to ETV or shunt surgery.2 However, the diagnosis remains challenging since
there are no distinctive pathognomonic features for NPH,2–4 and it has even been suggested that the definitive
diagnosis of this condition should be based on patient’s response to the surgery itself.5 At present, NPH is
diagnosed by physical examination (gait evaluation) and brain imaging and the likelihood of positive response
to therapy is determined using a lumbar puncture.5 Patients who show clinical improvement (as measured
by improvement in gait) following a lumbar puncture are candidates for shunt placement6 or ETV. The lumbar
puncture procedure, however, is not without risks7 and a negative lumbar puncture test has a very low predictive
accuracy.2, 8 Therefore, a major diagnostic challenge remains to identify patients with NPH, and in particular,
those who are likely to benefit from ETV or shunt surgery. This paper proposes an automatic method to analyze
the ventricular structure in MR images so that the derived quantitative measures might help to address this
challenge.
MR images from individuals suffering from NPH often show disproportionate dilatation of the compartments
proximal to the region of CSF flow restriction and relative compression of those distal to the same site. An
automatic segmentation and labeling method for the ventricular system could therefore be of great clinical
value9, 10 enabling quantification of the relative size of the different ventricular compartments. Such a tool could
give clues of where the location of obstruction is and in turn help distinguish shunt responsive vs. non-responsive
NPH patients and help in surgical planning. Such a methodology could also allow researchers to subgroup cases
of NPH to elucidate individual causes. However, segmenting the ventricles in NPH patients is challenging given
their massively enlarged and distorted ventricles.
The ventricular system is routinely segmented as a single unit using MRI by several algorithms and their
associated software packages. Among those freely available are FIRST,11 SPM,12 TOADS,13 and volBrain.14
A key limitation of all of these methods is their inability to parcellate the ventricular system into multiple
compartments in order to compute volumetric ratios within the ventricles. Segmentation and labeling of the
ventricular system into its four main compartments, however, has been carried out by several multi-atlas label
fusion approaches.15–17 Multi-atlas label fusion methods have been shown to outperform other methods in
segmenting multiple sub-cortical structures, both on normal and several diseased populations.18 However, NPH
patients have not been included in any of these evaluations, limiting the value of these evaluations, since the
enlarged ventricles in NPH patients tend to cause significant segmentation errors. Our own experiments on NPH
subjects have shown that state of the art registration based segmentation methods fail to correctly label the
enlarged ventricles because the registration is unable to capture the severe anatomical shape and size differences
between the atlas and the NPH subject (see results in Section 3). Previous methods designed specifically to
handle NPH19 cannot provide parcellations of the individual sub-components of the ventricular system. In this
paper we present a novel image analysis method designed to take advantage of both tissue classification as well
as multi-atlas segmentation to solve this difficult parcellation task by automatic image processing. The method
is capable of segmenting and labeling individual compartments within the greatly enlarged ventricles in patients

with NPH. The key innovation of our approach is the integration of two approaches, one for segmentation
(S3DL20 ) and one for labeling (MALP-EM17 ), which together provide robustness and capabilities that neither
possesses by itself. The availability of such an algorithm could dramatically stimulate research on a potentially
treatable cause of dementia.

2. METHOD
The method presented integrates two segmentation approaches, i.e., the subject specific sparse dictionary learning (S3DL) method20, 21 and the multi-atlas label propagation with expectation-maximization (MALP-EM)
method.17 S3DL is a patch-based tissue classification method that uses a sparse dictionary learning approach.22
S3DL gives us classification results comprising seven labels that we partly incorporate into MALP-EM, a method
that performs label fusion of multiple atlases, each with 138 labels, which have been registered to the subject.
The key feature of MALP-EM is a special relaxation scheme that corrects the anatomical atlas priors in regions
where accurate registration of the images is unachievable due to missing brain tissue or massive deformation. We
use the S3DL labels in the relaxation scheme of MALP-EM, creating a novel method referred to as the RobUst
DictiOnary-learning and Label Propagation Hybrid (RUDOLPH), that provides 1) a robust segmentation of the
ventricular system and 2) an automatic parcellation of the ventricles into four compartments, i.e., lateral (left
and right), third, and fourth ventricles in patients with enlarged ventricles. We chose this approach over using
multiple NPH atlases in a multi-atlas label fusion method for the following two reasons: 1) the variability in the
shape and size of ventricle enlargement in NPH is high and therefore would require a large number of atlases to
capture the variability and substantially increase the processing time; and 2) manually labeled NPH subjects do
not exist at this point and would take experts a significant amount of work to achieve.
The first step of RUDOLPH (as in MALP-EM) is to register 10 manually labeled atlases into the subject’s space, each comprising 138 cortical and subcortical labels from the Neuromorphometrics dataset (see
http://neuromorphometrics.com). For this process we use the SyN deformable registration method.23 The
output of this process is a probabilistic segmentation Π = {π1 , π2 , ..., πn }, where πi , i = 1, ..., n, (n is the total
number of voxels) represent K-dimensional vectors with the kth component representing the probability that a
voxel i belongs to the label k. Simultaneously, the MR image is processed with the S3DL20 method. In addition
to the MR image, S3DL requires one training data set (called an atlas), which comprises an MR image, its hard
segmentation, and spatial priors depicting where different tissues are expected to be located. These priors can be
computed using a variety of approaches but practically, a simple blurring of the known atlas segmentation suffices. S3DL adaptively modifies the subject priors to account for the potential high variability in the anatomical
size and shape enabling robust segmentation of the ventricular system in patients with highly enlarged ventricles.
The output of S3DL is the segmentation of the MR image into seven tissue classes: cerebral and cerebellar white
matter, cortical, sub-cortical, and cerebellar gray matter, and cortical and ventricular CSF.
The S3DL labels for CSF are subsequently incorporated into our implementation of the registration-based
multi-atlas label fusion method, MALP-EM,17 where we have made critical changes to the algorithm to account
for the added information from S3DL. MALP-EM provides two key label correction schemes: 1) it computes
intensity-refined posterior probabilities and 2) it provides a relaxation framework to correct the anatomical atlas
priors Π in regions where accurate registration of the images is unachievable due to severe deformation. MALPEM was specifically designed to segment brain images expected to have severe changes in anatomical structure
due to traumatic brain injury. Despite this, MALP-EM by itself fails to correctly label the ventricles of NPH
patients, in part due to the close spatial proximity of ventricular and external CSF (red arrows in Fig. 1B). The
proposed method, RUDOLPH, addresses this failure by incorporating the robust segmentation from S3DL into
the relaxation scheme.
Assuming a Gaussian distribution, a common parameter set (µCSF-like , σCSF-like ) of eight CSF-like structures
is estimated based on the probabilistic prior segmentation Π (including labels for external and sulcal CSF, and
the 3rd, 4th, right/left inferior, and right/left lateral ventricles). For each structure k an individual parameter
set (µk , σk ) is also estimated based on Π. The probabilistic segmentation Π is then relaxed to ΠR based on
image intensities in an attempt to correct inaccurate labels from the registration based segmentation. In the
relaxation step in MALP-EM a fraction αik of the prior probability, πik , is redistributed from a structure k
to one of the eight CSF-like structures kCSF , where at an image voxel i, kCSF is determined as the CSF-like

structure with the highest prior probability or the CSF-like label that is spatially closest to the voxel. This is
where MALP-EM fails when labeling the ventricles of NPH subjects. When a voxel is located at the boundary
of an enlarged ventricle, the prior segmentation Π is incorrect due to the inability of the registration process to
align the atlas ventricles to the enlarged NPH ventricles and the closest CSF-like structure is in the subarachnoid
space (i.e., external CSF) and not the ventricle. Hence, the ventricle gets incorrectly labeled as external CSF
(red labels in MALP-EM results in Fig. 2, third row). In RUDOLPH, instead of looking at the probabilistic
prior segmentation Π from MALP-EM to determine the closest CSF-like structure, we look at the segmentation
from S3DL and determine kCSF as:

kCSF =


 arg max πik

if πik 6= 0 for at least one k ∈ CSF − like

k is CSF-like



arg min

d(k, i)

,

otherwise

(1)

k is CSF-like in S3DL

where d(k, i) denotes the Euclidean distance of voxel i to the closest point in label k. The fraction αik is then
calculated as in MALP-EM based on the probability that the voxel with intensity yi comes either from the
π
intensity distribution Nkπ estimated in label k or NCSF-like
, i.e.
αik
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The relaxed prior probability ΠR is calculated as in MALP-EM, where
R
πik

(
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=
πik − αik

if k = kCSF
.
otherwise

(3)

The improved priors ΠR are in turn refined in an intensity based EM framework and finally, the fusion based
(i.e., Π) and EM-based segmentations are merged through a weighting scheme to generate the final segmentation,
as in MALP-EM.

3. RESULTS
We processed a total of 14 NPH subjects using RUDOLPH and two state of the art segmentation and labeling
methods: Freesurfer24 and MALP-EM. Visual comparison (Fig. 2) of the three methods demonstrate more robust
segmentation and labeling when using RUDOLPH, particularly on the more severe cases of NPH where both
Freesurfer and MALP-EM fail dramatically (see subjects 11–14 in Fig. 2). Note that Freesurfer was run with
the “bigventricles” switch to account for the enlarged ventricles. In order to quantitatively validate our method
we manually labeled the ventricular system in all the subjects as one mask, including the lateral, third, and
fourth ventricles. We computed the Dice coefficient between the automatically generated mask (combining all
ventricular labels in one binary mask) and the manual labels to quantitatively evaluate their overlap. The Dice
coefficient is significantly higher (p < 0.05) in RUDOLPH (Fig. 3, green bars) than Freesurfer (Fig. 3, blue
bars) and substantially higher than MALP-EM (Fig. 3, red bars), particularly in subjects with greatly enlarged
ventricles (see Fig. 3, right side). From the figure we can see that the Dice coefficient of RUDOLPH is quite
stable for all subjects while the Dice coeficient for both MALP-EM and Freesurfer decreases with increasing
ventricle size. The mean Dice coefficient for all 14 subjects was 0.72 for Freesurfer, 0.90 for MALP-EM, and
0.93 for RUDOLPH, with the Dice measure being comparable for all three methods when labeling subjects with
only moderately enlarged ventricles (Fig. 2, left side). Further validation of the method will be carried out in
the future, including a manual labeling of the different compartments of the ventricular system to provide more
detailed ground truth information.

Figure 2. NPH subjects (top row), Freesurfer (second row), MALP-EM (third row), and RUDOLPH (bottom row).

Figure 3. Dice coefficient of the overlap between the automatically and manually labeled ventricular system for Freesurfer
(blue), MALP-EM (red) and RUDOLPH (green). The subjects are ordered left to right according to their ventricle size
from the smallest to the largest.

4. CONCLUSIONS
A new method for segmenting and labeling the ventricular system of NPH patients is presented. The new
method, RUDOLPH, integrates a patch-based tissue classification method (S3DL) with a registration-based
multi-atlas labeling method (MALP-EM) providing a robust segmentation and labeling of the lateral (left and
right), third, and fourth ventricles of the brain. Quantitative evaluation was carried out on 14 NPH subjects
and the performance of RUDOLPH compared with two state of the art methods, demonstrating substantially
improved segmentation and labeling in terms of overlap measure using the Dice coefficient. The most critical

improvements were observed in the severe cases of NPH, where both Freesurfer and MALP-EM fail to capture
the greatly enlarged ventricles. The automated method presented will therefore enable more extensive scientific
studies of volumetric ratios within the ventricular system and provide tools that can be used in clinical evaluation and classification of NPH patients. Such a tool will also provide researchers with the means to study
ventriculomegaly in other neurodegenerative diseases, such as Alzheimer’s disease, as well as in normal aging.
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