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Abstract. Chronic subdural hematoma (cSDH) is a common neurolog-
ical condition characterized by the accumulation of blood between the
brain and the dura mater. This accumulation of blood can exert pressure
on the brain, potentially leading to fatal outcomes. Treatment options
for ¢SDH are limited to invasive surgery or non-invasive management.
Traditionally, the midline shift, hand-measured by experts from an ideal
sagittal plane, and the hematoma volume have been the primary metrics
for quantifying and analyzing cSDH. However, these approaches do not
quantify the local 3D brain deformation caused by ¢cSDH. We propose a
novel method using anatomy-aware unsupervised diffeomorphic pseudo-
healthy synthesis to generate brain deformation fields. The deformation
fields derived from this process are utilized to extract biomarkers that
quantify the shift in the brain due to cSDH. We use CT scans of 121 pa-
tients for training and validation of our method and find that our metrics
allow the identification of patients who require surgery. Our results indi-
cate that automatically obtained brain deformation fields might contain
prognostic value for personalized cSDH treatment. Our implementation
is available on: |github.com/Barisimre/brain-morphing

Keywords: Chronic subdural hematoma - Diffeomorphic Image Regis-
tration - Biomarker Extraction - Unsupervised Learning - Pseudo-Healthy
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1 Introduction

With an aging population, chronic subdural hematoma (¢SDH) is an increasingly
common neurological condition. ¢cSDH is characterized by blood accumulation
between the brain and dura mater that can pressure the brain, deform it, and po-
tentially be fatal [1]. CT visualizes hematomas well (Fig.[I]) and remains the most
commonly used diagnostic tool for cSDH. However, currently, there is no con-
sensus on ¢SDH treatment following CT imaging |2]. Treatment varies between
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Fig. 1. CT scans of ¢SDH patients selected for surgical intervention, showing the ideal
midline (blue), shifted midline (pink), cSDH (red), left ventricle (purple), and right
ventricle (green). Left: a unilateral hematoma with midline shift. Center: a bilateral
hematoma with midline shift. Right: a bilateral hematoma without midline shift.

wait-and-scan management and surgery B] Medical or endovascular treatments
are subject to large trials [4].

Clinical decision-making could be improved with objective metrics to quan-
tify the severity of cSDH. Currently, cSDH severity is quantified using geometric
properties such as the midline or midplane shift of the brain and the volume of
the hematoma ﬂa Various methods have studied automatic determination
of midline shift [7-110] and midplane shift [11], and recent works have shown
that the hematoma can be automatically segmented using deep learning ﬂﬁ]
However, these methods are global and fail to take the local effects of ¢cSDH
into account. Moreover, in the case of symmetric (bilateral) ¢cSDH, midline shift
might be minimal, while ¢SDH severity is significant (Fig. [I).

In this paper, we introduce a novel approach to quantitatively assess the
severity of cSDH, by estimating the brain shift caused by the hematoma. We es-
timate this deformation using an unsupervised deep learning-based diffeomorphic
method ﬂE, @] Unlike common image registration problems, we do not have
paired images for training our model since pre-disease brain scans are unavailable
for most patients. Instead, we regularize our deformation model with personal-
ized geometric priors to obtain a pseudo-healthy, symmetric brain. All geometric
priors, i.e., the ideal midplane of the brain, 3D segmentation of hematomas and
brain ventricles, and brain masks, are automatically obtained. We demonstrate
that the diffeomorphic deformation fields generated by our methodology, and
biomarkers extracted from these deformation fields, offer an accurate assessment
of ¢SDH severity that complements traditional midline shift metrics.

2 Materials and Methods

Figure 2l outlines our method. Given a CT scan of a brain with ¢cSDH, we auto-
matically align the brain with canonical axes. Then, a Swin UNETR ﬂﬁ] model
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Fig. 2. Overview of our process. Images are aligned to a sagittal plane (A) and auto-
matically segmented (B). The CT scan and segmentations are used as input to a deep
diffeomorphic registration model (C). Deformation fields provided by this model are
used to distinguish between patients requiring surgery by various biomarkers.

automatically segments the hematomas and ventricles. Images and segmenta-
tion masks are jointly used in an unsupervised diffeomorphic VoxelMorph-based
[14] model that provides local velocity fields required to virtually remove the
hematoma and translate the brain into its pseudo-healthy version.

2.1 Data

We used a retrospectively collected dataset of 121 patients scanned at Medisch
Spectrum Twente between 2011 and 2019. A waiver from the local medical
ethics committee was obtained. We excluded all scans that showed cSDH af-
ter a first surgical intervention. Selected scans had an in-plane resolution of
0.41 4+ 0.065 x 0.40 4+ 0.070 mm and a slice thickness of 3.42 4+ 0.64 mm. All
scans were resampled to a spatial resolution of 0.40 x 0.40 x 1.50 mm. For the
majority of patients, we know whether - based on the CT scan and other pa-
rameters - surgery was performed to mitigate the effects of cSDH. In total, 46
patients received surgery, and 68 did not. Seven patients without surgical sta-
tus were excluded from the dataset. Surgical status serves as the endpoint for
our prediction model. In a subset of 25 scans, the hematoma, left ventricle, and
right ventricle were manually annotated in 3D using the XNAT OHIF viewer
[16]. Annotations were made by technical physicians in training, and verified by
a neurologist to ensure the quality and accuracy of the annotations. Moreover,
manual measurements were obtained of the midline shift of each subject within
the dataset.
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2.2 Brain Symmetry Losses

In the initial alignment and diffeomorphic registration steps of our algorithm
((A) and (C) in Fig. ), we use two fully differentiable losses that quantify brain
symmetry. We initially split each volume X € R? into two equally sized volumes
(Xiese and X,igne) by the mid-sagittal plane, halving the scan perfectly into two.
Both of the losses use these pseudo-hemispheres as input. The two losses are the
SSIM loss, derived as the negative of the structural symmetry index (SSIM),
[17] Lssram and Jeffreys divergence loss Ljcffrey [18]. Let H : R? — R! be
the differentiable histogram function with n bins, introduced by Ustinova et al.
[19]. The Jeffreys divergence loss Ljef rey is calculated as the following, using
histograms as probability distribution function surrogates:

Hn(Xle )
Lictsrey = ) Hn(Xiepr) log F; - (1)

Hn(XM ht)
— + H,(X,; lo J
(Xright) ; ( ght) g H

n(Xleft)

A higher value for Ljcfrey indicates that the two pseudo-hemispheres being
compared have different intensity distributions, either due to a misalignment
from the mid sagittal plane or the presence of a hematoma, contributing to a
collection of many similar voxels grouped in intensity.

2.3 Initial Alignment and Segmentation

We rigidly align 3D volumes to establish a symmetry axis on the sagittal plane
(the ideal midplane or mid-sagittal plane). In other words, we want the brains
to be as symmetric as possible with respect to the center (mid) sagittal plane.
We use iterative optimization with Adam [20]. At each step, we calculate the
combined symmetry loss explained in Section together with a volume loss
term. We optimize four variables per scan, corresponding to the pitch, yaw, roll
(0), and translation (¢) of the 3D volume, similarly to the process described by
Prima et. al [21]. The volume loss ensures that both of the halves in the results
have equal volumes of foreground, counting the total volume in both halves,
using a differentiable binary operator B : R?> — R? that maps any non zero
items to one and every zero items to zero. We find this volume loss especially
useful in cases where the head is located far from the center of the scan.

_ |Z B(Xleft) - Z B(Xright)l
ﬁvolume = EB(X) (2)

We segment the subdural hematomas, left ventricles, and ventricles in aligned
3D CT scans using a Swin UNETR [15] trained on manual segmentations. During
training, we augment our data using random rotations, random 3D crops, and
sagittal flips. We denote the result of segmenting image X as S(X) below, with
each segmentation class denoted as Scigss-
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2.4 Diffeomorphic Pseudo-Healthy Synthesis

For any brain with ¢SDH, we predict the deformation required to translate it
into a pseudo-healthy equivalent. We train an image-to-image model that, given
input volumes and masks, estimates a velocity field v that can be integrated
over t = [0, 1] using scaling and squaring [22] to obtain a deformation field ¢().
This field is applied to the CT scan to obtain the pseudo-healthy brain ¢(X).

We minimize a compound loss term, based on the pseudo-healthy brain ¢(X),
the deformation field (¢(!)), and the deformed segmentation masks (¢(S(X))).
We aim to maximize the internal symmetry of the pseudo-healthy brains with
the loss terms explained in Section We separately apply the deformation to
the segmentation masks (Siest(X), Srignht(X), and Shematoma(X)) and calculate
two loss terms. We maximize the symmetry of the ventricles by optimizing for
their overlap when one of them is reflected on the sagittal plane using a Dice
loss (Eq. Bl). We target the removal of the hematomas by optimizing to reduce
the volume in the deformed hematoma mask formalized with Eq. @l

Loyentricte = Dice(d(Siert (X)), Sagittal Flip(¢(Sright(X)))) (3)
1 Z Shematoma (X) - Z ¢(Shematoma (X))
ﬁhematoma =1 E Shematoma(X) (4)

We ensure the preservation of the skull with Lgg.;, using the Dice loss of the
original and deformed skull. We regularize the registration methods by introduc-
ing two additional loss terms. Firstly, we limit the shrinkage of non-hematoma
voxels by a Jacobian regularizer. The Jacobian determinant detV® at any lo-
cation indicates the expansion or shrinkage. We aim to regularize the Jacobian
of the non-hematoma voxel to 1 and the hematoma voxels to 0. Secondly, we
approximate the spatial gradient differences of the velocity field with the same
method as Balakrishnan et. al. [23], shifting in all three dimensions by one and
subtracting the velocity magnitudes. We find that applying this loss to the ve-
locity field v rather than the deformation field ¢(*) produces smoother results.
The deformation loss Lgeformation is defined in Eq.

Edeformation = )\1 Ejeffrey + )\2 ﬁssim + )\3 Eventricle + )\4 ﬁhematoma
+/\5 Lskull + )\6 Ljacobian + A7 fcgradient

(5)

2.5 c¢SDH Severity Prediction

We use the deformation fields generated per scan to calculate three novel biomark-
ers of brain deformation, namely, the maximum, average, and sum of the magni-
tudes of voxel-wise deformation vectors (in mm). We divide the markers into two
categories, conventional markers including hematoma volume and midline shift,
and our three novel biomarkers. We fit a logistic regression classifier for each
biomarker, in each data subset, with surgical outcome as target. We evaluate
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Fig. 3. Axial and coronal slide visualizing registration results and mid-sagittal plane
(green). From left to right: the original brain with a unilateral (visible on the right
side) ¢SDH, the magnitude of the deformation field, and the resulting pseudo-healthy
brain. The hematoma is mostly removed and ventricular symmetry is restored.

the model’s performance in the identification of patients requiring surgery using
ROC curves. Moreover, we utilize TPOT ﬂﬂ] to identify the best-performing
model for prediction based on combinations of these derived markers.

3 Experiments and Results

All experiments were conducted on a single machine with 128 GBs of RAM and
an NVIDIA L40 GPU (48 GBs VRAM). Methods were implemented in PyTorch
ﬂﬁ], and code is provided on GitHubj. We perform a five-fold cross-validation
of the full model.

3.1 Imitial Alignment and Segmentation

We observed that 150 iterations with a learning rate of 0.03 and Adam opti-
mizer @] was sufficient for initial image alignment. The Swin UNETR model is
trained for 5000 epochs using the Adam optimizer and a learning rate of 3e-4.
We observed an average Dice score of 0.82 for hematomas and 0.86 for both of
the ventricles.

4 github.com/Barisimre/brain-morphing



Pseudo-Healthy Brain Synthesis in ¢cSDH 7

MLS Volume | Maximum S. Total S.
* 300 i ¢
‘ 140
20 200 130
<10 100 %20
0 0 10
15 ¢ ¢ e ¢
140 ¢
£ | [EE
&5 . 100 g 0 'y '
¢ é * *
0 ¢ o ¢ '
0 300 i ¢
= * ' {40
520 :
£ 200 i30
E i
=10 100 120
o o 510

Fig. 4. Box plots for five biomarkers for three subsets of our data, comparing the
distributions of patients that required surgery (orange) compared to the rest (blue).
The midline shift (MLS) is hand measured in mm. Hematoma volume (Volume) is
inferred from the segmentation results in mm. Maximum, average, and total shift are
calculated as explained in subsection 2.5]in millimeters. Many of the biomarkers fail at
distinguishing surgical status of bilateral hematomas.

3.2 Pseudo-Healthy Synthesis

For the pseudo-healthy synthesis process, we used the Adam optimizer with a
learning rate of 3e-4. We trained this model for 20,000 iterations. Loss coefficients
in Eq. Bl were chosen as 5.0 for Ljacobian, Lgradient; and Lk and 1.0 for the
rest. Figure B shows a qualitative example where the brain was clearly deformed
in the hematoma area as well as on the contralateral side. Across all images, we
observed an average hematoma volume reduction of 73 percent with a standard
deviation of 13 percent. This indicates that the method is not able to remove
all hematoma. In general, we found thin hematomas circling the brain around
more difficult to reduce due to the regularization of the deformation fields.

3.3 Surgery Prediction
We investigated the distribution of five biomarkers in the group of patients that

did not require surgery and the group that did. These biomarkers are the midline
shift, hematoma volume, and our three markers derived from the deformation
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Fig. 5. ROC curves of surgical status classifiers in either the full population (left) or
subgroups of patients with bilateral (center) or unilateral (right) hematomas.

Table 1. AUC scores of all classification models. MLS = midline shift. We present mod-
els for individual conventional and deformation-based biomarkers and combinations of
biomarkers.

Conventional| Deformation-based Joint

MLS Volume|Average Max Sum |Convent. Deform. All
All Data |0.80 0.70 0.79 0.81 0.79| 0.84 0.87 0.84
Bilateral [0.44 0.67 048 0.37 0.76 0.42 0.79 0.77
Unilateral| 0.85 0.72 0.82 0.87 0.76 0.86 0.96 0.90

fields: maximum, average, and sum. We performed a subgroup analysis on pa-
tients with bilateral or unilateral hematomas. Figure @ confirms our hypothesis
that midline shift (MLS) poorly separates patients with bilateral ¢cSDH. How-
ever, separating these cases is also difficult for our maximum shift feature.

The receiver operating characteristic curves (ROC) for each of the classifica-
tion models is shown in Figure[5l For the bilateral subset, only the total shift and
hematoma volume as single markers were able to perform better than random
in classification. Table [Il shows the area under the curve (AUC) results corre-
sponding to these ROCs. In each subset, we observed that a marker generated
from the deformations fields performs better than traditional markers, while the
combination of all deformation-based markers performed the overall best.

4 Discussion and Conclusion

We have presented a novel pseudo-healthy brain synthesis process, with appli-
cations in ¢cSDH patients. We have shown that symmetry losses can be used to
obtain visually plausible pseudo-healthy CT scans of patients, and deformation
fields from which features can be extracted for personalized treatment predic-
tion. Our results confirm the hypothesis that biomarkers are affected by the
laterality of the cSDH, where most biomarkers underperform in bilateral cSDH.

This study shows that there is valuable information in 3D context for cSDH
assessments. Moreover, our work highlights the value of machine learning for
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c¢SDH and neurosurgery. First, we fully automatically segment ¢SDH and ventri-
cles in 3D CT volumes. Second, we obtain deformation fields with a generalizable
model. Third, we use machine learning models to identify patients in need of
surgery. The deformation fields that we obtain are diffeomorphic, which means
that they also represent the inverse process of cSDH formation. In future works,
this could be used to synthesize data of cSDH patients from healthy brains, and
further our understanding of ¢SDH formation.

Our study has limitations. First, ground truth labels for our outcome -
surgery or not - are subjective and vary per clinician [26], especially given the
current lack of objective criteria for this decision. In future work, we aim to use
our novel biomarkers to predict objective outcomes and correlate with invasive
measurements of pressure |27]. Second, our model is not end-to-end, and errors
might accumulate along our pipeline. For example, imperfect alignment might
affect the performance of the segmentation model, which in turn might lead
to incorrect deformation fields. In future work, we will investigate the develop-
ment of an end-to-end model for joint segmentation and registration. Moreover,
a larger data set might allow the extraction of more informative biomarkers. It
has been shown that deformation fields might contain valuable prognostic in-
formation |28]. Finally, our heuristic symmetry losses could be extended with
data-driven perceptual losses that define what a healthy brain looks like [29].

In conclusion, our results indicate that automatically obtained brain defor-
mation fields might contain prognostic value for personalized ¢SDH treatment.
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