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Hemorrhagic transformation (HT) is regarded as a safety endpoint of arterial
ischemic stroke acute treatment and secondary prevention trials(Hutchinson
and Beslow, 2019). Accurate HT prediction dramatically reduces the death
rate from misdiagnosis. At present, HT predictions almost all rely on contrast
images with perfusion agents, which is time-consuming and labor-intensive,
causing secondary brain damage and high cost. Almost all machine learning algorithms cannot use non-contrast CT for HT prediction because of
huge challenges. In this study, a Dual-branch Separation and Enhancement
Network (DBSE-Net) is proposed for weak feature extraction and safe HT
prediction without perfusion agents. DBSE-Net innovatively uses a dualbranch separation and fusion mechanism to achieve weak feature adaptive
extraction. In the DBSE-Net’s encoder submodules, Brain Compression Assessment Branch (BCAB) and Infarct Assessment Branch (IAB) are proposed
to apply lightweight encoding structures with different receptive fields, which
are adapted to the lesion area’s characteristics. With the help of DBSE-Net’s
keyframe selection algorithm and area guidance knowledge, DBSE-Net removes redundant information and clearly describes the severity of lesions. In
summary, DBSE-Net integrates global and local features to obtain multi-scale
and multi-category brain status information, enhancing the weak features of
non-contrast CT and realizes accurate HT prediction. Experimental Result:
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Among all 144 intracranial stroke patients diagnosed by doctors as having
no HT risk, DBSE-Net identified 73 high-risk HT patients (88 HT cases in
total). The result illustrates that DBSE-Net helps doctors secondary diagnose the HT risk of intracranial stroke patients and becomes a potential tool
to prevent doctors from false HT risk diagnosis.
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The accurate prediction of hemorrhagic transformation (HT) can reduce the misdiagnosis rate of doctors and improve the survival rate of patients(Sussman and Connolly Jr, 2013). Nowadays, Hemorrhagic transformation (HT) is regarded as a safety endpoint of arterial ischemic stroke acute
treatment and secondary prevention trials(Hutchinson and Beslow, 2019).
As a common spontaneous complication after intracranial embolism, HT is
easily misdiagnosed by doctors and leads to death. From 2001 to 2011, an
average of 795,000 people produced a stroke or recurrent stroke (hemorrhagic
or ischemic) annually in the United States, of which 185,000 people were recurrent stroke episodes(Mozaffarian et al., 2015). Doctors usually use tissue
plasminogen activator (TPA) as a treatment for patients with infarction.
However, if the doctor uses TPA treatment for stroke patients with high HT
risk, the wrong treatment will lead to an increased HT phenomenon and
even death(Larrue et al., 1997)(of Neurological Disorders and rt PA Stroke
Study Group, 1995). The HT prediction method can perform an HT risk
second diagnosis on stroke patients and correct the doctor’s judgment. With
the computer-aided HT prediction method, stroke patients with high HT
risk will not use TPA treatment, which will cause secondary intracranial
hemorrhage. As shown in Fig.1 (Clinical Significance), computer-aided HT
prediction methods can help doctors confirm the patient’s brain status and
determine whether to use TPA treatment, which increases the patient’s cure
rate. Although there are many methods for evaluating the indicators of HT
prediction, such as net water uptake (NWU)(Broocks et al., 2018)(Zhao et al.,
2019), they only stop at the indicator evaluation without further systematic
prediction of HT. At present, in the field of cerebrovascular accidents, there
is an urgent need for an accurate, convenient, and low brain injury HT prediction method.
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Figure 1: Significance of Predicting Hemorrhagic Transformation on Safe CT (Noncontrast)

Jo

ur
n

al

Pr

The current HT prediction methods are based on contrast CT or contrast MRI, which have four major disadvantages (shown in Fig.1). 1)Second
Intracranial Injury: contrast CT/MRI image generation requires the injection of perfusion agents. The injected non-diffusion perfusion agents will
change the relaxation time of the vascular bed in the adjacent tissue(Barbier
et al., 2001), which destroys the already fragile blood vessel wall. The injection of perfusion agents eventually increases the likelihood of HT and
causes other risks to patients with compromised kidney function(Xu et al.,
2021). 2)High Cost: the use of perfusion agents in CT/MRI images brings
additional economic costs to patients. Contrast CT/MRI costs 1.5 times
more than ordinary CT/MRI images(Wiley, 2008), making poor patients
bear high economic pressure. 3)Semi-automatic: Most existing HT prediction techniques require manual extraction of Cerebral Blood Flow (CBF),
Cerebral Blood Volume (CBV), and Mean Transit Time (MTT)(Yu et al.,
2019) vascular assessment features. These parameters are helpful for HT
prediction but make the prediction network unable to realize fully automatic
operation. 4)Increase Time and Workload: Contrast CT also requires an
additional CT scan, parameter calculation, and perfusion agent injection,
which results in extra time on pathological examination. Existing Contrast
CT requires continuous dynamic scanning of the region of interest (ROI) to
find the perfusion agent response(Hunter et al., 1998).
Although Non-contrast CT has numerous advantages, Non-contrast CT
3
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Figure 2: Challenges of safe non-contrast CT images without perfusion agent
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is difficult to apply to HT prediction (Fig.2). For the non-contrast CT used
for the HT prediction task, the two main challenges are as follows: Firstly,
a poor relationship between lesion and prediction: There is no one-to-one
relationship between the presence of cerebral infarction and HT in patients.
In general, the larger the infarct size, the higher the possibility of HT. Nevertheless, some patients with HT do not have significant brain lesions in
early diagnostic images. At the same time, patients with small infarcts in
the brain do not develop HT. Like Fig. 2 (a), some patients have no obvious
infarct area but develop HT results. In the Fig. 2 (b), small infarct area may
not trigger HT phenomenon. Secondary, weak lesion features (insignificant
lesions) in infarction and brain compression: Many lesions are difficult to
distinguish visually, and the lesions are easily confused with brain tissue. As
shown in Fig. 2 (c), the brain’s inherent structure, grey matter, and sylvian
are very similar to the infarct area. Not only external interference but also
some lesion areas are difficult to observe, as shown in Fig. 2 (d). Brain
compression manifests as an insignificant brain sulcus, but there is no clear
evaluation index for insignificant sulcus. Furthermore, due to large differences in human brain structures, the infarct area is not significant for many
patients. In Fig. 2 (e), the infarct area has little grey value different than the
same position on the right brain region. Two major challenges indicate that
HT prediction requires analysis of the brain’s overall compression status and
4
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the enhancement of local lesion features. The existing traditional neural network classification methods (ResNet(Szegedy et al., 2016), DenseNet(Huang
et al., 2017), SE-Net(Hu et al., 2018)) are mainly based on the huge feature
differences between semantic features. Simultaneously, traditional networks
need a close relationship between image and prediction results. However,
traditional networks are weak for medical image prediction tasks where semantic information is insufficient. Non-contrast CT images cannot clearly
express future results is another problem for traditional neural networks.
This paper proposes a Dual-branch Separation and Enhancement Network (DBSE-Net) for HT prediction from non-contrast CT. DBSE-Net can
correctly assess the deterioration of brain infarct area and brain compression, thereby achieving accurate prediction of HT. DBSE-Net is based on
the principle that HT is associated with the intracranial infarct area and the
brain’s midline displacement status (intracranial compression status). Based
on the principle, the overall framework of DBSE-Net proposes a dual-branch
lesion region separation processing mechanism. DBSE-Net consists of four
layers: 1) Concerning enormous useless frames of clinical CT images, the
brain keyframe selection layer is proposed to extract two keyframe images
from 64 non-contrast CT images based on Alberta stroke program early CT
score (ASPECTS). 2) In the brain region segmentation layer, Variable Weight
UNet (VW-UNet) is proposed to pre-segment brain regions and separate
global and local features. VW-UNet uses an infarct-focused segmentation
model to effectively pre-segment the brain region and obtain lesion guidance
knowledge, solving the weak semantic feature information problem. 3) Simultaneously, the Brain Compression Assessment Branch (BCAB) and Infarct
Assessment Branch (IAB) in the dual-branch feature encoding layer are introduced to encode features, accurately extracting and enhancing different
forms of features. To accurately express the severity of lesions, the brain region segmentation layer extracts lesion guidance knowledge to guide BCAB’s
and IAB’s encoding structure training. 4) Based on lesion region separation
processing mechanism and fully connection prediction layer, multi-scale and
multi-category weak features are extracted to achieve accurate HT prediction.
The contributions and advantages are shown as follows:
 For the first time, we achieved a non-contrast CT-based HT prediction
method, which is safe, free of secondary brain injury, low cost, and less
workload. The method saves the lives of intracranial stroke patients
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who are misdiagnosed by doctors.
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 A dual-branch feature separation and enhancement network (DBSENet) is proposed to model the relationship between lesions and HT prediction results. DBSE-Net enhances the relationship between images
and prediction results through guiding knowledge and a dual-branch
adaptive encoding mechanism (extracting multi-category and multiscale features), and enable non-contrast CT for HT prediction.

2. Related Works
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 Our proposed algorithm structure effectively solves the weak lesion feature problem. In the interference removal aspect, DBSE-Net proposes
the ASPECTS keyframe selection layer to obtain keyframe information
of the lesion area, which effectively solves network overfitting. In the
feature processing aspect, we propose a separating brain lesion features
(VW-UNet) and adaptive encoding (BCAB and IAB) mechanism based
on clinical criteria. By encoding different lesion ROI according to their
characteristics, effective weak feature extracting is achieved.
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Our proposed DBSE-Net is the first neural network that uses non-contrast
CT for HT prediction. Other scholars all use perfusion contrast CT/MRI to
apply accurate HT prediction methods.
Clinical medicine field: (Knight et al., 1998) used male Wistar rats
based on T1-weighted and T2-weighted MRI to prove that Gd-DTPA is a
reliable predictor of HT. (Aviv et al., 2009) proved that the product map
measurement of permeability surface area appears promising for HT prediction with AUC of 0.918, the sensitivity of 77%, and specificity of 94%. (Lin
et al., 2007) also proved that elevated permeability by using first-pass PCT
could predict subsequent HT. (Bang et al., 2007) explained the permeability
images derived from pretreatment perfusion MRI source data might identify
patients at risk for HT with a sensitivity result of 83% while (Yen et al.,
2016) got 78.6%. (Neumann-Haefelin C. et al., 2002) pointed out that the
key to HT prediction is the disturbance of the blood-brain barrier but not
of other MR parameters. (Kim et al., 2005) investigation in 55 cases showed
that early parenchymal enhancement is highly specific for HT. They also
pointed out that early reperfusion and damage to the blood-brain barrier
in ischemic tissue may also be associated with HT’s appearance. Moreover,
diffusion-weighted imaging lesion volumes and apparent diffusion coefficient
6
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indexes had no strong relationship with HT. However, (C et al., 2002) also
proposed: a measurement of minimum apparent diffusion coefficient (ADC)
values within an acute middle cerebral artery (MCA) stroke can achieve highrisk predictions for HT. Relative cerebral blood flow, relative cerebral blood
volume, and time to maximum multi-parameter prediction methods are also
proposed by (Yassi Nawaf et al., 2013). Both (Broocks et al., 2018) and
(Zhao et al., 2019) proposed that net water uptake (NWU) is an important
indicator of the severity of lesions in the infarct area, and it is also helpful
for subsequent HT prediction.
Machine learning field: In recent years, modeling analysis and machine learning are performed on HT predictions. Compared with traditional
machine learning, (Yu et al., 2018)’s kernel spectral regression method has
achieved the highest accuracy of 83.7±2.6%. (Wang et al., 2020) used the
Lasso logistic regression prediction model to accurately predict HT on a vast
dataset (621,178 patients) and obtained an AUC of 0.78. Meanwhile, (Bouts
et al., 2017) adopted a generalized linear model and random forest predictive
algorithms to achieve HT prediction based on MRI datasets, which achieved
AUC results of 0.85±0.14 and 0.89±0.09 in the two experimental groups. (Yu
et al., 2019) adopted the LSTM network based on PWI combined with DWI
imaging features into a fully connected neural network and verified that its
AUC-ROC of 89.4% on 155 acute stroke patients. In addition to the HT prediction method, (Qiu et al., 2020) uses the U-Net(Ronneberger et al., 2015)
transfer learning in the infarct region segmentation based on non-contrast
CT and integrates multiple image features into the random forest to achieve
accurate segmentation of the infarct region. Although the current HT prediction accuracy rate based on contrast images has reached a satisfactory
status, no one ever tried non-contrast for HT prediction.
3. Method overview
As shown in Fig.3, Dual-branch Separation and Enhancement Network
(DBSE-Net) consists of four modules as shown below. The four innovative
modules achieve accurate prediction of HT based on non-contrast CT by removing redundant information, the separation and fusion of features based
on clinical conditions, the adaptive feature encoding structure, and the introduction of guidance knowledge.
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Figure 3: DBSE-Net Structure: Global and local brain feature separation for weak feature separation enhancement including: Sec4.1. brain keyframe selection layer, Sec4.2.
brain region segmentation layer, Sec4.3. dual-branch feature encoding layer which consists
of brain compression assessment branch (BCAB) and infarct assessment branch (IAB),
Sec4.4. the fully connection prediction layer.
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 Brain keyframe selection layer enables automatic keyframe
refinement. The layer innovatively uses the Alberta stroke program
early CT score (ASPECTS) medical evaluation index to extract two
frames from sequence CT images. The layer selects keyframes in redundant information, reducing mutual interference between non-contrast
CT images. Details are shown in sec4.1.

Jo

 Brain region segmentation layer enables lesion area adaptive
separation and guidance knowledge extraction. The layer presegments the left brain, right brain, and infarct region to achieve the
separation of the global and local image features. Simultaneously, the
layer is based on variable weight training, which enhances the weak
lesion features (infarct area). In the layer, the numerical guidance
information extracted from the coverage lesion area assists the subsequent encoding network. By the separation of local and global features,
the deterioration of the infarct area, the midline displacement, and the
brain compression are revealed. Details are shown in sec4.2.
 Dual-branch feature encoding layer enables adaptive enhancement and encoding of lesion features. To effectively obtain the
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low-dimensional information property of different scales, the module innovative performs guidance knowledge fusion, enhancement, and adaptive feature encoding of global features and local features. Details are
shown in sec4.3.
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 The fully connection prediction layer for multi-feature fusion.
The module achieves HT’s high-risk prediction by integrating the onedimensional feature representations of local features, global features,
guidance knowledge. Details are shown in sec4.4.

pr

4. Methodology
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4.1. Brain keyframe selection layer by ASPECTS medical evaluation index
Different from the direct input of the common 64-frame CT sequence, the
brain keyframe selection layer innovatively uses the ASPECTS medical criterion as the keyframe image extraction method (Fig. 3 - Sec4.1), which keeps
the brain structure status’ main information content. The original 64-frame
non-contrast CT images contain enormous irrelevant information without the
lesion area. A large amount of irrelevant information causes the neural network to learn irrelevant information and cause serious overfitting. The layer
innovatively uses the ASPECTS medical evaluation index to automatically
extract two keyframes that can express all brain status. As shown in Fig. 4,
the automatic extraction rules for ASPECTS images are: One at the level
of the thalamus and basal ganglion (red arrow) and another adjacent to the
most superior margin of the ganglionic structures (green arrow). Since the
relative position of the two frames of images in the 64-frame CT sequence
is roughly fixed, the two ASPECTS images can be automatically obtained
from the CT sequence, which is collected from the same machine. Almost all
the ASPECTS images are in fixed slices, but due to the different structure
of the human brain, few images should be double checked in case there is an
outlier. Neuroradiologists generally agree that the patient skull’s pathological brain status can be obtained from two ASPECTS images(Pexman et al.,
2001), proving the selection method is effective and in line with clinical criteria. With two keyframes, the brain lesion information of all 64-frame CT
non-contrast images can be roughly obtained, avoiding the interference of
enormous low-information images.
Summarized Advantages:
The brain keyframe selection layer is
based on ASPECTS criterion to extract two keyframes from 64 complex
9
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Figure 4: Schematic diagram of automatic brain keyframe selection method: CT frame
extraction rules based on the Alberta stroke program early CT score.
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non-contrast CT sequence images, which effectively removes redundant information according to clinicopathological characteristics.
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4.2. Brain region segmentation layer by Variable Weight UNet
The brain region segmentation layer proposes Variable Weight UNet (VWUNet) based on U-Net(Ronneberger et al., 2015) as a pre-segmentation network, which is suitable for small objects and multi-scale segmentation. The
layer pre-segmentation of the three brain parts and acquisition of area guidance knowledge for the subsequent network structure (Fig. 3 - Sec4.2). From
the many challenges of HT, the size of the infarct area is the core of HT prediction. Meanwhile, The characteristics of the infarct area are not significant
and the midline displacement will occur between the left and right brains.
Therefore, separate the infarct area from the left and right brains can accurately extract local detailed features. In VW-UNet, we input the two slices of
ASPECTS images and manually label the left brain, right brain, and infarct
area with a parenchymal hypoattenuation as VW-UNet training labels. Then
we choose cross entropy as a loss function to train the classification results
of each pixel point. Especially, to solve the infarct’s weak and insignificant
features, we increase the small objects (infarct) loss weight of VW-UNet by
hyperparameter k times to make VW-UNet concerned about the effect of
small object segmentation. In the follow-up layers, VW-UNet feeds BCAB
the original segmentation image. Nevertheless, in the IAB, VW-UNet’s local
features weight the ASPECTS ori-images with hyperparameter λ to highlight
10

the infarct area importance as an attention mechanism. The formula of the
attention is as follows:
I(i, j) = I(i, j) + λ ∗ I(i, j) ∗ S(i, j)

(1)
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where I represents the IAB’s input, λ represents the hyperparameter
of attention mechanism. S is the brain keyframe selection layer’s infarct
class output (infarct segmentation image), and i, j are the pixel coordinates.
Through the attention mechanism, the infarct area is highlighted so that the
IAB brain local feature encoding structure focuses on the assessment of the
infarct area.
Summarized Advantages: The brain region segmentation layer presegments the three brain regions through VW-UNet with a variable weight
loss function, which improves the accurate segmentation of infarct regions
with weak features. The layer separates the mixed global brain squeeze from
the local infarct area for adaptive feature encoding. Simultaneously, the
layer extracts guidance knowledge from the segmented image, solving the
weak lesion features problem to a certain extent.
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4.3. Dual-branch feature encoding layer by feature adaptive encoding network
with different receptive fields
The dual-branch feature encoding layer obtains multi-scale and multicategory information (Fig. 3 - Sec4.3), which enriches the types of features,
thereby solving the problem of weak features to a certain extent. The layer
is divided into Brain Compression Assessment Branch (BCAB) and
Infarct Assessment Branch (IAB). Each branch integrates the area guidance knowledge and image features. The dual-branch separation, enhancement, and adaptive feature encoding strategy make features not interfere
with each other and independently evaluate the brain status.
In BCAB, the image input is the segmentation result of the brain region segmentation layer, so as to realize the enhanced encoding of the weak
brain compression feature. The receptive field of BCAB is increased to integrate the correlation between the overall structure. In the feature encoding
structure, dilated convolution increases the receptive field without reducing
the picture size so that BCAB subsequent structures can obtain long-ranged
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information. The dilated convolution is defined as:
H(i, j) =

s−1 X
s−1
X

K(m, n)G(i +

m=0 n=0

(2m − s + 1) × dr
,
2

(2)

(2n − s + 1) × dr
i+
)
2
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where H represents the convolution module’s output, K represents the
kernel of the convolution. s is expressed as the convolution kernel’s size, while
dr is expressed as the dilated rate. Through dilated convolution, BCAB focuses on the global structural features and brain compression state instead
of local details, making BCAB assess the overall state of the brain.
In BCAB’s subsequent feature encoding structure, ResNet blocks are selected to extract and generate feature maps. Average pooling is cascaded
to integrate all overall brain structural features. Simultaneously, to prevent
over-fitting caused by a deep layer network and numerous parameters, the
ResNet block retains three layers. The area guidance knowledge is merged
into the last layer of BCAB in the form of text, highlighting the midline displacement caused by the left and right brains’ unequal brain area. By highlighting the brain structure, the BCAB focuses on the overall brain area’s
structural characteristics, selected to diagnose whether there are dangerous
symptoms such as brain area deformation and blood vessel compression.
BCAB Summarized Advantages: Our newly proposed BCAB innovative provides a large-receiving field and lightweight feature encoding for
global feature adaptive encoding. Through the single-dimensional feature
fusion of guidance knowledge, BCAB integrates brain compression features,
enhances the relationship of the weak features, and solves the phenomenon
of weak features to a certain extent.
In IAB, the original ASPECTS image after attention is used as input to
achieve enhanced encoding of the infarct area. A small receptive field encoder and infarct area’s guidance knowledge fusion are proposed to assess
the infarct areas. In general, the larger the infarct area, the higher the possibility of patients with HT after TPA. So IAB separates the local infarct for
subsequent assessment of the brain infarct level is more in line with medical
diagnostic criterion. In detail, IAB performs local feature encoding based on
the ResNet block. Due to the small dataset, the network image encoding
and dimensionality reduction ability is weak. By using transfer learning, the
ImageNet pre-trained network is used for all three ResNet blocks. Like the
12
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global branch network, the infarct area attention map also passes through
a 7x7 convolutional layer with a small receptive field. With small receptive
fields, IAB can get more features of the infarct area. Different from traditional ResNet, due to the insufficient number of training samples and to
prevent too many network parameters, IAB leverages three layers of ResNet
block and combines features with an average pooling layer. To make the
numeralization of the infarct area intuitive, we integrate the area guidance
knowledge of the infarct area, thus improving the sensitivity of DBSE-Net
to the size of the infarct area.
IAB Summarized Advantages: Our newly proposed IAB effectively
reduces the dimensionality of the lesion area features through simplified network structure and small receptive field. Through the high-weight infarct attention, the infarct area is enhanced without destroying the image structure.
By the infarct area’s guidance knowledge fusion mechanism, IAB accurately
assesses the infarct area and solves the difficult identification of weak features
to a certain extent.
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4.4. The fully connection prediction layer
The fully connection prediction layer connects the impact of different single dimensions on the brain status (with or without infarct and compression),
which enables global features and local features to impose different weights
on HT’s prediction (Fig. 3 - Sec4.4). Through HT lesions at two different
scales, the layer fuses the local infarct area features and the global brain midline displacement features, thereby achieving higher-precision HT prediction.
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5. Experimental Studies and Results

5.1. Data acquisition
We validated the performance of DBSE-Net by 144 intracranial stroke
patients, diagnosed by doctors as low HT risk. All prediction results are
derived from patients’ clinical observations, and all segmentation labels are
marked under the guidance of professional brain experts. Each frame image
size is 512×512×1 with 40 window level, 80 window width. All patients
had a cerebral infarction in the form of trial of org10172 in acute stroke
treatment (TOAST)(Adams H P et al., 1993), but TPA was performed in all
144 intracranial stroke patients. The age distribution of TOAST patients was
70.06 as the mean and 11.30 as the standard deviation. All patients have
13

uneven distribution of infarct areas, and only a small number of patients
have large infarct areas. We selected two frames of non-contrast images as a
dual-channel image input obtained by the ASPECTS indicator.
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5.2. Implementation details
We implement the construction and result testing of neural networks
through the Python-based Pytorch library. The experimental environment
is Linux (Ubuntu 18.04.1 LTS) desktop computer, equipped with TITAN X
(PASCAL) graphics card and 390.48 Nvidia driver. The system memory is
16GB, and the CPU is Intel(R) Core(TM) i7-4790K. The optimizer selected
in the experiment is ADAM (lr=0.001, weight decay=5e-4). To improve experimental credibility, we apply a 5-fold cross-validation method during the
experiment. In VW-UNet, we use the standard U-Net model, and the loss
weight hyperparameter k of the infarct region is set to 3. In the IAB’s infarct
area attention mechanism, λ is set to 2 to enhance the local infarct area. To
prevent over-fitting, we add a dropout mechanism to the ResNet block the
last layer, with a coefficient of 0.7, and the dilated rate in BCAB is set to 2.
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5.3. Prediction evaluation index
1) The precision, recall, and accuracy indicators are applied to evaluate
the DBSE-Net prediction effect. 2) The kappa statistic is used to measure the
agreement of the HT prediction result. 3) The receiver operating characteristic (ROC) curve with the area under ROC curve (AUC) and precision-recall
(PR) curve are applied to compare with other scholars’ methods. 4) The F1
Score is proposed to balance precision and recall, which is defined as:

Jo

F1 = 2 ·

precision · recall
precision + recall

(3)

where precision and recall are defined as:
precision =

TP
TP + FP

(4)

TP
(5)
TP + FN
where TP denotes true positive (network prediction is HT, the actual
result is HT), FP denotes false positive (network prediction is HT, the actual
result is normal), FN denotes false negative (network prediction is normal,
the actual result is HT).
recall =

14

2 · |X ∩ Y |
× 100%
|X| + |Y |

oo

Dice =

f

5.4. Segmentation evaluation index
1) We first use the most common evaluation indicator: dice coefficient to
evaluate the brain region segmentation layer, which is the common indicator
to compare with other models. Dice coefficient’s result is in the range of
[0-1]. The closer the result is to 1, the better the segmentation effect. Dice
coefficient is defined as:
(6)
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where X represents the region in the ground truth, Y represents the region
in our network segmentation result.
2) Mean intersection over union (mIoU) metric is proposed to averagely
evaluate the segmentation status of each category (infarction, left and right
brain). The segmentation accuracy range of mIoU is 0-1, where 1 is the
perfect segmentation situation(Tam et al., 2020). The mIoU formula is:

Pr

k

1 X |Xk ∩ Yk |
mIoU =
k + 1 i=0 |Xk ∪ Yk |

(7)
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where k represents the number of categories for segmentation tasks.
3) Kappa statistic is proposed to determine whether the label and the segmentation network output conform to the consistent distribution, the kappa
statistic is defined as:
po − pe
(8)
kappa =
1 − pe

Jo

where po represents the accuracy (number of pixels correctly classified),
pe is defined as:
pe =

P · (T P + F N ) + N · (F P + T N )
(P + N )2

(9)

where P represents the number of positive samples segmented by the
network, N represents the number of negative samples segmented by the
network. The range of the kappa score is [0,1], and a large kappa statistic
indicates better agreement.
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Table 1: Horizontal Comparison: The prediction evaluation table points out that DBSENet far exceeds traditional neural networks, and can assist doctors in the second HT risk
diagnosis.

F1 Score Kappa
0.6587
-0.0877
0.6615
0.1176
0.6130
-0.0428
0.7902
0.3737
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Method
Precision Recall Acc
DenseNet
0.5903
0.7500 0.5263
ResNet
0.6623
0.6643 0.5833
SENet
0.5990
0.6286 0.5132
DBSE-Net 0.7348
0.8571 0.7193
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5.5. Comparison Experiments
Horizontal Comparison Experiment - DBSE-Net: Since no other
scholars use non-contrast CT for HT prediction, a horizontal comparison
is proposed to evaluate the performance difference between DBSE-Net and
common classification networks: ResNet, DenseNet, SENet, which is the
winner of the 2017 ILSVR competition. All classification networks use two
ASPECTS images as input like DBSE-Net. Table 1 shows the horizontal
comparison experiment results of DBSE-Net and common classification neural network models. The results show that traditional neural networks can
hardly predict HT from non-contrast CT. Since traditional neural networks
mainly classify images based on rich semantic information, but medical image
has few semantic information. It is difficult for traditional neural networks
to perform well with a relative lack of semantic information and high prediction difficulty. The accuracy rate of about 55% points out that traditional
neural networks cannot extract useful brain lesion features, while DBSE-Net
can extract sufficient brain structural abnormalities, thereby realizing HT’s
effective prediction. The 0-0.1 kappa statistics of the traditional neural network also shows that its prediction results are not consistent with the real
results. The 0.3737 kappa statistics of DBSE-Net indicate that the predicted
results meet the general consistency with the real patient situation. Fig. 5(a)
and Fig. 5(b) respectively show the ROC and PR curve from the horizontal
comparison experiment, which also proves that DBSE-Net can analyze noncontrast CT to predict HT.
Horizontal Comparison Experiment - ASPECTS Selection Rules:
Although we explained the importance of the ASPECTS criterion for feature extraction, there is still a necessity for performance verification from
a technical perspective. We perform two frames image offset on each input
image selected by the ASPECTS criteria. Based on other experiment con16
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Figure 5: ROC and PR curves show that DBSE-Net has a good performance for HT
prediction with non-contrast CT.
Table 2: Horizontal Comparison: The prediction results show that the precise selection of
ASPECTS can increase about 5% prediction accuracy.

Acc-Offset
0.5213
0.5428
0.5156
0.6837
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Method
DenseNet
ResNet
SENet
DBSE-Net

Acc-NonOffset
0.5263
0.5833
0.5132
0.7193

Improvement
0.96%
7.46%
-0.47%
5.21%
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ditions unchanged, test the prediction performance of the baseline network
and DBSE-Net.
The prediction results after image offset are shown in Table 2. The small
infarct area may not be captured in non-key frames, and the brain structure
may be unclear with slight image offset. Table 2 shows that the precise selection of ASPECTS can improve the prediction accuracy to a certain extent.
Horizontal Comparison Experiment - Brain region segmentation
layer: We evaluate the brain region segmentation layer’s separation effect on
the left brain, right brain, and infarct region. Since the segmentation layer
determines the accuracy of subsequent feature extraction and area guidance
knowledge, the segmentation accuracy needs to be accurately assessed.
Quantitative results in terms of dice coefficient and mIoU are demonstrated in Table 3. As shown in the table, most networks have a good per17

Table 3: Horizontal Comparison: Multiple segmentation evaluations show that VW-UNet
has the best segmentation effect and the highest consistency with label data.
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Dice
mIoU
Kappa
DeeplabV3(Chen et al., 2017)
0.9632 0.9609 0.9846
DeeplabV3+(Chen et al., 2018) 0.9554 0.9508 0.9770
PSPNet(Zhao et al., 2017)
0.9602 0.9575 0.9822
UNet(Ronneberger et al., 2015) 0.9657 0.9634 0.9857
VW-UNet
0.9706 0.9644 0.9876
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formance on the brain segmentation, and VW-UNet is the most prominent
network. Simultaneously, the ultra-high kappa statistic also points out that
the segmentation network result is remarkably consistent with the original
label.
The segmentation results from different networks are shown in Fig. 6.
From sample 1 and sample 2, VW-UNet is the network with the highest
fit to the infarct area among all networks. From sample 3, DeeplabV3 and
UNet mis-segments brain tissue: sylvian fissure, not the infarct area while
VW-UNet does not mis-segment. From sample 4, only VW-UNet successfully segmented the infarct area. From sample 5, for multi-region infarct
region segmentation, UNet successfully segmented one of the infarct regions,
but only VW-UNet successfully segmented all infarct regions. From all the
samples, UNet and VW-UNet have the best segmentation effect on brain
regions. However, VW-UNet has a better segmentation effect on the infarct
area, but has a small part of brain tissue region mis-segmentations.
Ablation Comparison Experiment - Brain region segmentation
layer: To test the effectiveness of VW-UNet in prediction task, we choose
the traditional segmentation network to replace VW-UNet to implement ablation experiments (Table 4). In Table 4, VW-UNet has the best adaptability
to DBSE-Net. Different networks’ prediction effects have little difference in
prediction tasks. Although UNet has the highest recall value and PSPNet
has the highest precision value, VW-UNet has the best AUC and accuracy
for the prediction task. VW-UNet increases the weight of the infarct area
and improves the accuracy of the key information about the infarct area,
which is more in line with infarct assessment. Fig. 7(a) and Fig. 7(b) respectively show the ROC and PR curve about the brain region segmentation
layer ablation experiment. Through ROC and PR curves, the effectiveness
of VW-UNet can be visually demonstrated.
18

f
oo
pr
ePr
al

ur
n

Figure 6: Comparison of segmentation effects of brain region segmentation layer: The
segmentation output results show that VW-UNet focuses more on the infarct area and
performs better under complex infarct shapes.
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Table 4: Ablation Comparison: Replacing VW-UNet with traditional segmentation networks. The effectiveness of VW-UNet is verified by different networks’ prediction results.
Among all networks, the most suitable brain region segmentation layer for DBSE-Net is
VW-UNet.

Seg Layer
PSPNet
DeepLabV3
DeepLabV3P
UNet
VW-UNet

Precision
0.7593
0.7209
0.7201
0.7199
0.7348

Recall
Acc
F1 Score
0.7929 0.7061 0.7634
0.8429 0.7018 0.7764
0.8214 0.6930 0.7665
0.8857 0.7105 0.7892
0.8571 0.7193 0.7902

Kappa
0.3667
0.3362
0.3230
0.3363
0.3737

Ablation Comparison Experiment - Feature Encoding layer:
We use the traditional prediction neural network to test the necessity of the
dual-branch encoding layer. As shown in Table 5, the DBSE-Net encoding
19
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Figure 7: ROC and PR curves show that VW-UNet is the most suitable substructure for
DBSE-Net.

Pr

Table 5: Ablation Comparison: Replace dual-branch feature encoding layer with traditional classification encoder networks. Verify the dual-branch feature encoding layer’s
effectiveness based on the prediction effect of the overall network. The results show that
the IAB+BCAB encoding structure is most suitable for DBSE-Net.
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Encoder
Precision Recall Acc
F1 Score Kappa
DenseNet
0.6337
0.8214 0.5877 0.7008
0.0343
SENet
0.6906
0.6571 0.5789 0.6340
0.1063
ResNet
0.7271
0.7714 0.6798 0.7475
0.3101
IAB+BCAB 0.7348
0.8571 0.7193 0.7902
0.3737

Jo

layer is compared with DenseNet, ResNet and SEnet. In this experiment,
the input of the traditional neural network is a four-channel ASPECTS noncontrast CT image. The four channel image is the superposition of the brain
region segmentation layer output and the DBSE-Net original input image.
As shown in Table 5, DenseNet and SEnet are not suitable for the feature
encoding task of HT prediction. Compared with Table 1, ResNet uses a presegmentation network to greatly improve the prediction effect. However, the
joint feature encoding structure of IAB+BCAB exceeds the single encoding
structure of ResNet in all aspects, and becomes the most suitable feature encoding structure for DBSE-Net. To clearly describe the differences between
the various networks, we also used the ROC and PR curves in Fig. 8(a) and
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Figure 8: ROC and PR show that the IAB+BCAB encoder is most suitable for the DBSENet structure.

Pr

Table 6: Ablation Comparison: DBSE-Net is compared with the effect of retaining only
a single branch. The experimental results show that the single branch is not suitable for
HT prediction mode, and only the dual branch of IAB+BCAB can achieve accurate HT
prediction.

Precision

Recall

Acc

F1

Kappa

0.6947
0.6598
0.7348

0.7143
0.7286
0.8571

0.6316
0.6001
0.7193

0.7038
0.6914
0.7902

0.2162
0.1290
0.3737
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DBSE
BCAB IAB
✓
✓
✓
✓
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Fig. 8(b).
Ablation Comparison Experiment - IAB & BCAB: To test the
effectiveness of each branch, we apply an ablation experiment to detect local
branch and global branch separately, which is shown in Tabel 6. The table
shows that the BCAB global branch has a significant improvement in the
prediction of HT. Due to the introduction of area guidance knowledge and
the guidance of pre-segmented regions, the BCAB global branch focuses on
distinguishing the infarct area and whether the brain area has a midline displacement phenomenon. On the contrary, the improvement of the IAB local
branch is limited. Compared with traditional neural networks, the assistance
of area guidance knowledge and network structure optimization make local
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Figure 9: The ablation comparison curve between DBSE-Net and its respective branches.
DBSE G means to reserve the BCAB branch (Global), DBSE L means to reserve the IAB
branch (Local). ROC and PR results show that only the dual-branch combination of
IAB+BCAB can achieve accurate HT prediction.

Jo

ur
n

al

branches still have HT prediction ability. It can be seen from kappa statistics
that BCAB and IAB branches have a poor correlation with HT’s prediction
results. However, the DBSE-Net combines the BCAB branch and the IAB
branch, making the two branch networks complementary, thereby achieving
HT prediction on non-contrast CT. From the perspective of DBSE-Net’s high
recall index, DBSE-Net is inclined to conservative HT treatment, which is
also in line with the medical community’s current status to avoid high HT
risks. For a clear description of the DBSE-Net’s each branch performance,
the ROC curve and the PR curve are presented in Fig. 9(a) and Fig. 9(b).
To describe the effectiveness of the network structure and explain the
intermediate feature information of the DBSE-Net, the intermediate feature
map is presented in Fig. 10. The feature results of L Layer1 and L Layer2
can clearly show that the global branch focuses on the infarct location, the
area of the infarct, and the boundary between the left and right brains. According to the segmentation results and the performance of L Layer1, the
local branch’s pre-feature extraction entirely depends on the accuracy of the
segmentation network. From the performance of G Layer1 and G Layer2,
the local branch pays more attention to the infarct details and the brain
tissue features (brain compression).
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Figure 10: DBSE-Net’s dual-branch middle layer output heat map. G Layer means the
BCAB branch layer, L Layer means the IAB branch layer. The heat map shows that each
layer of the DBSE-Net effectively pays attention to the infarct area and the global brain
compression.

6. Discussion and conclusion
In this paper, our main contribution is that, for the first time, we achieve
HT prediction based on non-contrast CT, which is difficult and of great
medical significance. The non-contrast CT-based HT prediction method can
effectively reduce the possibility of the patient being injured by the perfusion
agent and save the economic cost, labor cost, and time cost. Our framework
is built on a dual-branch feature separation and enhanced neural network
23
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(DBSE-Net) to achieve the accurate HT prediction. The dual branch separation and enhancement mechanism in DBSE-Net effectively extract the
multi-category and multi-scale lesion features. Simultaneously, DBSE-Net
solves the poor relationship problem through adaptive feature encoding and
introduction of guidance knowledge. Based on the redundant information
removal of the ASPECTS keyframe selection layer, DBSE-Net enhances the
keyframe lesion features. Relying on the adaptive feature encoding structure
(BCAB and IAB) and VW-UNet which pays more attention to the infarct
area, DBSE-Net effectively extracts weak lesion features. DBSE-Net solves
the problems of poor relationship and weak feature extraction, thus realizing
accurate HT prediction. The prediction accuracy (0.72 to 0.55±0.03) and
kappa statistics (0.37 to 0.02±0.09) far exceeding that of the conventional
classification network demonstrate the effectiveness of DBSE-Net.
In summary, we use 288 non-contrast CT images from 144 patients to
achieve an accurate preliminary prediction of HT. Previous research works
do not choose HT prediction based on non-contrast CT, which is realized by
our study. Through our non-contrast CT prediction method, a large number of high-risk HT patients will be rescued. We hope that in the future,
non-contrast CT prediction algorithms with higher accuracy and better prediction effect can be proposed to save patients’ lives.
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Weak Lesion Feature Extraction by Dual-branch Separation and
Enhancement Network for Safe Hemorrhagic Transformation Prediction
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• For the first time, we achieved a non-contrast CT-based HT prediction
method, which is safe, free of secondary brain injury, low cost, and less
workload
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• A dual-branch feature separation and enhancement network (DBSENet) is proposed to model the relationship between lesions and HT
prediction results
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• Our proposed algorithm structure effectively solves the weak lesion feature problem
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Hemorrhagic transformation (HT) is regarded as a safety endpoint of arterial
ischemic stroke acute treatment and secondary prevention trials(Hutchinson
and Beslow, 2019). Accurate HT prediction dramatically reduces the death
rate from misdiagnosis. At present, HT predictions almost all rely on contrast
images with perfusion agents, which is time-consuming and labor-intensive,
causing secondary brain damage and high cost. Almost all machine learning algorithms cannot use non-contrast CT for HT prediction because of
huge challenges. In this study, a Dual-branch Separation and Enhancement
Network (DBSE-Net) is proposed for weak feature extraction and safe HT
prediction without perfusion agents. DBSE-Net innovatively uses a dualbranch separation and fusion mechanism to achieve weak feature adaptive
extraction. In the DBSE-Net’s encoder submodules, Brain Compression Assessment Branch (BCAB) and Infarct Assessment Branch (IAB) are proposed
to apply lightweight encoding structures with different receptive fields, which
are adapted to the lesion area’s characteristics. With the help of DBSE-Net’s
keyframe selection algorithm and area guidance knowledge, DBSE-Net removes redundant information and clearly describes the severity of lesions. In
summary, DBSE-Net integrates global and local features to obtain multi-scale
and multi-category brain status information, enhancing the weak features of
non-contrast CT and realizes accurate HT prediction. Experimental Result:
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Among all 144 intracranial stroke patients diagnosed by doctors as having
no HT risk, DBSE-Net identified 73 high-risk HT patients (88 HT cases in
total). The result illustrates that DBSE-Net helps doctors secondary diagnose the HT risk of intracranial stroke patients and becomes a potential tool
to prevent doctors from false HT risk diagnosis.

oo

f

Keywords: Hemorrhagic transformation prediction, Non-contrast CT,
DBSE-Net.
1. Introduction
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The accurate prediction of hemorrhagic transformation (HT) can reduce the misdiagnosis rate of doctors and improve the survival rate of patients(Sussman and Connolly Jr, 2013). Nowadays, Hemorrhagic transformation (HT) is regarded as a safety endpoint of arterial ischemic stroke acute
treatment and secondary prevention trials(Hutchinson and Beslow, 2019).
As a common spontaneous complication after intracranial embolism, HT is
easily misdiagnosed by doctors and leads to death. From 2001 to 2011, an
average of 795,000 people produced a stroke or recurrent stroke (hemorrhagic
or ischemic) annually in the United States, of which 185,000 people were recurrent stroke episodes(Mozaffarian et al., 2015). Doctors usually use tissue
plasminogen activator (TPA) as a treatment for patients with infarction.
However, if the doctor uses TPA treatment for stroke patients with high HT
risk, the wrong treatment will lead to an increased HT phenomenon and
even death(Larrue et al., 1997)(of Neurological Disorders and rt PA Stroke
Study Group, 1995). The HT prediction method can perform an HT risk
second diagnosis on stroke patients and correct the doctor’s judgment. With
the computer-aided HT prediction method, stroke patients with high HT
risk will not use TPA treatment, which will cause secondary intracranial
hemorrhage. As shown in Fig.1 (Clinical Significance), computer-aided HT
prediction methods can help doctors confirm the patient’s brain status and
determine whether to use TPA treatment, which increases the patient’s cure
rate. Although there are many methods for evaluating the indicators of HT
prediction, such as net water uptake (NWU)(Broocks et al., 2018)(Zhao et al.,
2019), they only stop at the indicator evaluation without further systematic
prediction of HT. At present, in the field of cerebrovascular accidents, there
is an urgent need for an accurate, convenient, and low brain injury HT prediction method.
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Figure 1: Significance of Predicting Hemorrhagic Transformation on Safe CT (Noncontrast)
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The current HT prediction methods are based on contrast CT or contrast MRI, which have four major disadvantages (shown in Fig.1). 1)Second
Intracranial Injury: contrast CT/MRI image generation requires the injection of perfusion agents. The injected non-diffusion perfusion agents will
change the relaxation time of the vascular bed in the adjacent tissue(Barbier
et al., 2001), which destroys the already fragile blood vessel wall. The injection of perfusion agents eventually increases the likelihood of HT and
causes other risks to patients with compromised kidney function(Xu et al.,
2021). 2)High Cost: the use of perfusion agents in CT/MRI images brings
additional economic costs to patients. Contrast CT/MRI costs 1.5 times
more than ordinary CT/MRI images(Wiley, 2008), making poor patients
bear high economic pressure. 3)Semi-automatic: Most existing HT prediction techniques require manual extraction of Cerebral Blood Flow (CBF),
Cerebral Blood Volume (CBV), and Mean Transit Time (MTT)(Yu et al.,
2019) vascular assessment features. These parameters are helpful for HT
prediction but make the prediction network unable to realize fully automatic
operation. 4)Increase Time and Workload: Contrast CT also requires an
additional CT scan, parameter calculation, and perfusion agent injection,
which results in extra time on pathological examination. Existing Contrast
CT requires continuous dynamic scanning of the region of interest (ROI) to
find the perfusion agent response(Hunter et al., 1998).
Although Non-contrast CT has numerous advantages, Non-contrast CT
3
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Figure 2: Challenges of safe non-contrast CT images without perfusion agent
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is difficult to apply to HT prediction (Fig.2). For the non-contrast CT used
for the HT prediction task, the two main challenges are as follows: Firstly,
a poor relationship between lesion and prediction: There is no one-to-one
relationship between the presence of cerebral infarction and HT in patients.
In general, the larger the infarct size, the higher the possibility of HT. Nevertheless, some patients with HT do not have significant brain lesions in
early diagnostic images. At the same time, patients with small infarcts in
the brain do not develop HT. Like Fig. 2 (a), some patients have no obvious
infarct area but develop HT results. In the Fig. 2 (b), small infarct area may
not trigger HT phenomenon. Secondary, weak lesion features (insignificant
lesions) in infarction and brain compression: Many lesions are difficult to
distinguish visually, and the lesions are easily confused with brain tissue. As
shown in Fig. 2 (c), the brain’s inherent structure, grey matter, and sylvian
are very similar to the infarct area. Not only external interference but also
some lesion areas are difficult to observe, as shown in Fig. 2 (d). Brain
compression manifests as an insignificant brain sulcus, but there is no clear
evaluation index for insignificant sulcus. Furthermore, due to large differences in human brain structures, the infarct area is not significant for many
patients. In Fig. 2 (e), the infarct area has little grey value different than the
same position on the right brain region. Two major challenges indicate that
HT prediction requires analysis of the brain’s overall compression status and
4
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the enhancement of local lesion features. The existing traditional neural network classification methods (ResNet(Szegedy et al., 2016), DenseNet(Huang
et al., 2017), SE-Net(Hu et al., 2018)) are mainly based on the huge feature
differences between semantic features. Simultaneously, traditional networks
need a close relationship between image and prediction results. However,
traditional networks are weak for medical image prediction tasks where semantic information is insufficient. Non-contrast CT images cannot clearly
express future results is another problem for traditional neural networks.
This paper proposes a Dual-branch Separation and Enhancement Network (DBSE-Net) for HT prediction from non-contrast CT. DBSE-Net can
correctly assess the deterioration of brain infarct area and brain compression, thereby achieving accurate prediction of HT. DBSE-Net is based on
the principle that HT is associated with the intracranial infarct area and the
brain’s midline displacement status (intracranial compression status). Based
on the principle, the overall framework of DBSE-Net proposes a dual-branch
lesion region separation processing mechanism. DBSE-Net consists of four
layers: 1) Concerning enormous useless frames of clinical CT images, the
brain keyframe selection layer is proposed to extract two keyframe images
from 64 non-contrast CT images based on Alberta stroke program early CT
score (ASPECTS). 2) In the brain region segmentation layer, Variable Weight
UNet (VW-UNet) is proposed to pre-segment brain regions and separate
global and local features. VW-UNet uses an infarct-focused segmentation
model to effectively pre-segment the brain region and obtain lesion guidance
knowledge, solving the weak semantic feature information problem. 3) Simultaneously, the Brain Compression Assessment Branch (BCAB) and Infarct
Assessment Branch (IAB) in the dual-branch feature encoding layer are introduced to encode features, accurately extracting and enhancing different
forms of features. To accurately express the severity of lesions, the brain region segmentation layer extracts lesion guidance knowledge to guide BCAB’s
and IAB’s encoding structure training. 4) Based on lesion region separation
processing mechanism and fully connection prediction layer, multi-scale and
multi-category weak features are extracted to achieve accurate HT prediction.
The contributions and advantages are shown as follows:
• For the first time, we achieved a non-contrast CT-based HT prediction
method, which is safe, free of secondary brain injury, low cost, and less
workload. The method saves the lives of intracranial stroke patients
5

who are misdiagnosed by doctors.
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• A dual-branch feature separation and enhancement network (DBSENet) is proposed to model the relationship between lesions and HT prediction results. DBSE-Net enhances the relationship between images
and prediction results through guiding knowledge and a dual-branch
adaptive encoding mechanism (extracting multi-category and multiscale features), and enable non-contrast CT for HT prediction.

2. Related Works
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• Our proposed algorithm structure effectively solves the weak lesion feature problem. In the interference removal aspect, DBSE-Net proposes
the ASPECTS keyframe selection layer to obtain keyframe information
of the lesion area, which effectively solves network overfitting. In the
feature processing aspect, we propose a separating brain lesion features
(VW-UNet) and adaptive encoding (BCAB and IAB) mechanism based
on clinical criteria. By encoding different lesion ROI according to their
characteristics, effective weak feature extracting is achieved.
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Our proposed DBSE-Net is the first neural network that uses non-contrast
CT for HT prediction. Other scholars all use perfusion contrast CT/MRI to
apply accurate HT prediction methods.
Clinical medicine field: (Knight et al., 1998) used male Wistar rats
based on T1-weighted and T2-weighted MRI to prove that Gd-DTPA is a
reliable predictor of HT. (Aviv et al., 2009) proved that the product map
measurement of permeability surface area appears promising for HT prediction with AUC of 0.918, the sensitivity of 77%, and specificity of 94%. (Lin
et al., 2007) also proved that elevated permeability by using first-pass PCT
could predict subsequent HT. (Bang et al., 2007) explained the permeability
images derived from pretreatment perfusion MRI source data might identify
patients at risk for HT with a sensitivity result of 83% while (Yen et al.,
2016) got 78.6%. (Neumann-Haefelin C. et al., 2002) pointed out that the
key to HT prediction is the disturbance of the blood-brain barrier but not
of other MR parameters. (Kim et al., 2005) investigation in 55 cases showed
that early parenchymal enhancement is highly specific for HT. They also
pointed out that early reperfusion and damage to the blood-brain barrier
in ischemic tissue may also be associated with HT’s appearance. Moreover,
diffusion-weighted imaging lesion volumes and apparent diffusion coefficient
6
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indexes had no strong relationship with HT. However, (C et al., 2002) also
proposed: a measurement of minimum apparent diffusion coefficient (ADC)
values within an acute middle cerebral artery (MCA) stroke can achieve highrisk predictions for HT. Relative cerebral blood flow, relative cerebral blood
volume, and time to maximum multi-parameter prediction methods are also
proposed by (Yassi Nawaf et al., 2013). Both (Broocks et al., 2018) and
(Zhao et al., 2019) proposed that net water uptake (NWU) is an important
indicator of the severity of lesions in the infarct area, and it is also helpful
for subsequent HT prediction.
Machine learning field: In recent years, modeling analysis and machine learning are performed on HT predictions. Compared with traditional
machine learning, (Yu et al., 2018)’s kernel spectral regression method has
achieved the highest accuracy of 83.7±2.6%. (Wang et al., 2020) used the
Lasso logistic regression prediction model to accurately predict HT on a vast
dataset (621,178 patients) and obtained an AUC of 0.78. Meanwhile, (Bouts
et al., 2017) adopted a generalized linear model and random forest predictive
algorithms to achieve HT prediction based on MRI datasets, which achieved
AUC results of 0.85±0.14 and 0.89±0.09 in the two experimental groups. (Yu
et al., 2019) adopted the LSTM network based on PWI combined with DWI
imaging features into a fully connected neural network and verified that its
AUC-ROC of 89.4% on 155 acute stroke patients. In addition to the HT prediction method, (Qiu et al., 2020) uses the U-Net(Ronneberger et al., 2015)
transfer learning in the infarct region segmentation based on non-contrast
CT and integrates multiple image features into the random forest to achieve
accurate segmentation of the infarct region. Although the current HT prediction accuracy rate based on contrast images has reached a satisfactory
status, no one ever tried non-contrast for HT prediction.
3. Method overview
As shown in Fig.3, Dual-branch Separation and Enhancement Network
(DBSE-Net) consists of four modules as shown below. The four innovative
modules achieve accurate prediction of HT based on non-contrast CT by removing redundant information, the separation and fusion of features based
on clinical conditions, the adaptive feature encoding structure, and the introduction of guidance knowledge.
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Figure 3: DBSE-Net Structure: Global and local brain feature separation for weak feature separation enhancement including: Sec4.1. brain keyframe selection layer, Sec4.2.
brain region segmentation layer, Sec4.3. dual-branch feature encoding layer which consists
of brain compression assessment branch (BCAB) and infarct assessment branch (IAB),
Sec4.4. the fully connection prediction layer.
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• Brain keyframe selection layer enables automatic keyframe
refinement. The layer innovatively uses the Alberta stroke program
early CT score (ASPECTS) medical evaluation index to extract two
frames from sequence CT images. The layer selects keyframes in redundant information, reducing mutual interference between non-contrast
CT images. Details are shown in sec4.1.

Jo

• Brain region segmentation layer enables lesion area adaptive
separation and guidance knowledge extraction. The layer presegments the left brain, right brain, and infarct region to achieve the
separation of the global and local image features. Simultaneously, the
layer is based on variable weight training, which enhances the weak
lesion features (infarct area). In the layer, the numerical guidance
information extracted from the coverage lesion area assists the subsequent encoding network. By the separation of local and global features,
the deterioration of the infarct area, the midline displacement, and the
brain compression are revealed. Details are shown in sec4.2.
• Dual-branch feature encoding layer enables adaptive enhancement and encoding of lesion features. To effectively obtain the
8

low-dimensional information property of different scales, the module innovative performs guidance knowledge fusion, enhancement, and adaptive feature encoding of global features and local features. Details are
shown in sec4.3.
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• The fully connection prediction layer for multi-feature fusion.
The module achieves HT’s high-risk prediction by integrating the onedimensional feature representations of local features, global features,
guidance knowledge. Details are shown in sec4.4.
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4. Methodology
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4.1. Brain keyframe selection layer by ASPECTS medical evaluation index
Different from the direct input of the common 64-frame CT sequence, the
brain keyframe selection layer innovatively uses the ASPECTS medical criterion as the keyframe image extraction method (Fig. 3 - Sec4.1), which keeps
the brain structure status’ main information content. The original 64-frame
non-contrast CT images contain enormous irrelevant information without the
lesion area. A large amount of irrelevant information causes the neural network to learn irrelevant information and cause serious overfitting. The layer
innovatively uses the ASPECTS medical evaluation index to automatically
extract two keyframes that can express all brain status. As shown in Fig. 4,
the automatic extraction rules for ASPECTS images are: One at the level
of the thalamus and basal ganglion (red arrow) and another adjacent to the
most superior margin of the ganglionic structures (green arrow). Since the
relative position of the two frames of images in the 64-frame CT sequence
is roughly fixed, the two ASPECTS images can be automatically obtained
from the CT sequence, which is collected from the same machine. Almost all
the ASPECTS images are in fixed slices, but due to the different structure
of the human brain, few images should be double checked in case there is an
outlier. Neuroradiologists generally agree that the patient skull’s pathological brain status can be obtained from two ASPECTS images(Pexman et al.,
2001), proving the selection method is effective and in line with clinical criteria. With two keyframes, the brain lesion information of all 64-frame CT
non-contrast images can be roughly obtained, avoiding the interference of
enormous low-information images.
Summarized Advantages:
The brain keyframe selection layer is
based on ASPECTS criterion to extract two keyframes from 64 complex
9
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Figure 4: Schematic diagram of automatic brain keyframe selection method: CT frame
extraction rules based on the Alberta stroke program early CT score.
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non-contrast CT sequence images, which effectively removes redundant information according to clinicopathological characteristics.
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4.2. Brain region segmentation layer by Variable Weight UNet
The brain region segmentation layer proposes Variable Weight UNet (VWUNet) based on U-Net(Ronneberger et al., 2015) as a pre-segmentation network, which is suitable for small objects and multi-scale segmentation. The
layer pre-segmentation of the three brain parts and acquisition of area guidance knowledge for the subsequent network structure (Fig. 3 - Sec4.2). From
the many challenges of HT, the size of the infarct area is the core of HT prediction. Meanwhile, The characteristics of the infarct area are not significant
and the midline displacement will occur between the left and right brains.
Therefore, separate the infarct area from the left and right brains can accurately extract local detailed features. In VW-UNet, we input the two slices of
ASPECTS images and manually label the left brain, right brain, and infarct
area with a parenchymal hypoattenuation as VW-UNet training labels. Then
we choose cross entropy as a loss function to train the classification results
of each pixel point. Especially, to solve the infarct’s weak and insignificant
features, we increase the small objects (infarct) loss weight of VW-UNet by
hyperparameter k times to make VW-UNet concerned about the effect of
small object segmentation. In the follow-up layers, VW-UNet feeds BCAB
the original segmentation image. Nevertheless, in the IAB, VW-UNet’s local
features weight the ASPECTS ori-images with hyperparameter λ to highlight
10

the infarct area importance as an attention mechanism. The formula of the
attention is as follows:
I(i, j) = I(i, j) + λ ∗ I(i, j) ∗ S(i, j)

(1)
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where I represents the IAB’s input, λ represents the hyperparameter
of attention mechanism. S is the brain keyframe selection layer’s infarct
class output (infarct segmentation image), and i, j are the pixel coordinates.
Through the attention mechanism, the infarct area is highlighted so that the
IAB brain local feature encoding structure focuses on the assessment of the
infarct area.
Summarized Advantages: The brain region segmentation layer presegments the three brain regions through VW-UNet with a variable weight
loss function, which improves the accurate segmentation of infarct regions
with weak features. The layer separates the mixed global brain squeeze from
the local infarct area for adaptive feature encoding. Simultaneously, the
layer extracts guidance knowledge from the segmented image, solving the
weak lesion features problem to a certain extent.
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4.3. Dual-branch feature encoding layer by feature adaptive encoding network
with different receptive fields
The dual-branch feature encoding layer obtains multi-scale and multicategory information (Fig. 3 - Sec4.3), which enriches the types of features,
thereby solving the problem of weak features to a certain extent. The layer
is divided into Brain Compression Assessment Branch (BCAB) and
Infarct Assessment Branch (IAB). Each branch integrates the area guidance knowledge and image features. The dual-branch separation, enhancement, and adaptive feature encoding strategy make features not interfere
with each other and independently evaluate the brain status.
In BCAB, the image input is the segmentation result of the brain region segmentation layer, so as to realize the enhanced encoding of the weak
brain compression feature. The receptive field of BCAB is increased to integrate the correlation between the overall structure. In the feature encoding
structure, dilated convolution increases the receptive field without reducing
the picture size so that BCAB subsequent structures can obtain long-ranged
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information. The dilated convolution is defined as:
H(i, j) =

s−1 X
s−1
X

K(m, n)G(i +

m=0 n=0

(2m − s + 1) × dr
,
2

(2)

(2n − s + 1) × dr
i+
)
2
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where H represents the convolution module’s output, K represents the
kernel of the convolution. s is expressed as the convolution kernel’s size, while
dr is expressed as the dilated rate. Through dilated convolution, BCAB focuses on the global structural features and brain compression state instead
of local details, making BCAB assess the overall state of the brain.
In BCAB’s subsequent feature encoding structure, ResNet blocks are selected to extract and generate feature maps. Average pooling is cascaded
to integrate all overall brain structural features. Simultaneously, to prevent
over-fitting caused by a deep layer network and numerous parameters, the
ResNet block retains three layers. The area guidance knowledge is merged
into the last layer of BCAB in the form of text, highlighting the midline displacement caused by the left and right brains’ unequal brain area. By highlighting the brain structure, the BCAB focuses on the overall brain area’s
structural characteristics, selected to diagnose whether there are dangerous
symptoms such as brain area deformation and blood vessel compression.
BCAB Summarized Advantages: Our newly proposed BCAB innovative provides a large-receiving field and lightweight feature encoding for
global feature adaptive encoding. Through the single-dimensional feature
fusion of guidance knowledge, BCAB integrates brain compression features,
enhances the relationship of the weak features, and solves the phenomenon
of weak features to a certain extent.
In IAB, the original ASPECTS image after attention is used as input to
achieve enhanced encoding of the infarct area. A small receptive field encoder and infarct area’s guidance knowledge fusion are proposed to assess
the infarct areas. In general, the larger the infarct area, the higher the possibility of patients with HT after TPA. So IAB separates the local infarct for
subsequent assessment of the brain infarct level is more in line with medical
diagnostic criterion. In detail, IAB performs local feature encoding based on
the ResNet block. Due to the small dataset, the network image encoding
and dimensionality reduction ability is weak. By using transfer learning, the
ImageNet pre-trained network is used for all three ResNet blocks. Like the
12
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global branch network, the infarct area attention map also passes through
a 7x7 convolutional layer with a small receptive field. With small receptive
fields, IAB can get more features of the infarct area. Different from traditional ResNet, due to the insufficient number of training samples and to
prevent too many network parameters, IAB leverages three layers of ResNet
block and combines features with an average pooling layer. To make the
numeralization of the infarct area intuitive, we integrate the area guidance
knowledge of the infarct area, thus improving the sensitivity of DBSE-Net
to the size of the infarct area.
IAB Summarized Advantages: Our newly proposed IAB effectively
reduces the dimensionality of the lesion area features through simplified network structure and small receptive field. Through the high-weight infarct attention, the infarct area is enhanced without destroying the image structure.
By the infarct area’s guidance knowledge fusion mechanism, IAB accurately
assesses the infarct area and solves the difficult identification of weak features
to a certain extent.
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4.4. The fully connection prediction layer
The fully connection prediction layer connects the impact of different single dimensions on the brain status (with or without infarct and compression),
which enables global features and local features to impose different weights
on HT’s prediction (Fig. 3 - Sec4.4). Through HT lesions at two different
scales, the layer fuses the local infarct area features and the global brain midline displacement features, thereby achieving higher-precision HT prediction.

Jo

5. Experimental Studies and Results

5.1. Data acquisition
We validated the performance of DBSE-Net by 144 intracranial stroke
patients, diagnosed by doctors as low HT risk. All prediction results are
derived from patients’ clinical observations, and all segmentation labels are
marked under the guidance of professional brain experts. Each frame image
size is 512×512×1 with 40 window level, 80 window width. All patients
had a cerebral infarction in the form of trial of org10172 in acute stroke
treatment (TOAST)(Adams H P et al., 1993), but TPA was performed in all
144 intracranial stroke patients. The age distribution of TOAST patients was
70.06 as the mean and 11.30 as the standard deviation. All patients have
13

uneven distribution of infarct areas, and only a small number of patients
have large infarct areas. We selected two frames of non-contrast images as a
dual-channel image input obtained by the ASPECTS indicator.
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5.2. Implementation details
We implement the construction and result testing of neural networks
through the Python-based Pytorch library. The experimental environment
is Linux (Ubuntu 18.04.1 LTS) desktop computer, equipped with TITAN X
(PASCAL) graphics card and 390.48 Nvidia driver. The system memory is
16GB, and the CPU is Intel(R) Core(TM) i7-4790K. The optimizer selected
in the experiment is ADAM (lr=0.001, weight decay=5e-4). To improve experimental credibility, we apply a 5-fold cross-validation method during the
experiment. In VW-UNet, we use the standard U-Net model, and the loss
weight hyperparameter k of the infarct region is set to 3. In the IAB’s infarct
area attention mechanism, λ is set to 2 to enhance the local infarct area. To
prevent over-fitting, we add a dropout mechanism to the ResNet block the
last layer, with a coefficient of 0.7, and the dilated rate in BCAB is set to 2.

ur
n

al

5.3. Prediction evaluation index
1) The precision, recall, and accuracy indicators are applied to evaluate
the DBSE-Net prediction effect. 2) The kappa statistic is used to measure the
agreement of the HT prediction result. 3) The receiver operating characteristic (ROC) curve with the area under ROC curve (AUC) and precision-recall
(PR) curve are applied to compare with other scholars’ methods. 4) The F1
Score is proposed to balance precision and recall, which is defined as:

Jo

F1 = 2 ·

precision · recall
precision + recall

(3)

where precision and recall are defined as:
precision =

TP
TP + FP

(4)

TP
(5)
TP + FN
where TP denotes true positive (network prediction is HT, the actual
result is HT), FP denotes false positive (network prediction is HT, the actual
result is normal), FN denotes false negative (network prediction is normal,
the actual result is HT).
recall =
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2 · |X ∩ Y |
× 100%
|X| + |Y |
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5.4. Segmentation evaluation index
1) We first use the most common evaluation indicator: dice coefficient to
evaluate the brain region segmentation layer, which is the common indicator
to compare with other models. Dice coefficient’s result is in the range of
[0-1]. The closer the result is to 1, the better the segmentation effect. Dice
coefficient is defined as:
(6)
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where X represents the region in the ground truth, Y represents the region
in our network segmentation result.
2) Mean intersection over union (mIoU) metric is proposed to averagely
evaluate the segmentation status of each category (infarction, left and right
brain). The segmentation accuracy range of mIoU is 0-1, where 1 is the
perfect segmentation situation(Tam et al., 2020). The mIoU formula is:
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k

1 X |Xk ∩ Yk |
mIoU =
k + 1 i=0 |Xk ∪ Yk |

(7)
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where k represents the number of categories for segmentation tasks.
3) Kappa statistic is proposed to determine whether the label and the segmentation network output conform to the consistent distribution, the kappa
statistic is defined as:
po − pe
(8)
kappa =
1 − pe

Jo

where po represents the accuracy (number of pixels correctly classified),
pe is defined as:
pe =

P · (T P + F N ) + N · (F P + T N )
(P + N )2

(9)

where P represents the number of positive samples segmented by the
network, N represents the number of negative samples segmented by the
network. The range of the kappa score is [0,1], and a large kappa statistic
indicates better agreement.
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Table 1: Horizontal Comparison: The prediction evaluation table points out that DBSENet far exceeds traditional neural networks, and can assist doctors in the second HT risk
diagnosis.

F1 Score Kappa
0.6587
-0.0877
0.6615
0.1176
0.6130
-0.0428
0.7902
0.3737
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Method
Precision Recall Acc
DenseNet
0.5903
0.7500 0.5263
ResNet
0.6623
0.6643 0.5833
SENet
0.5990
0.6286 0.5132
DBSE-Net 0.7348
0.8571 0.7193
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5.5. Comparison Experiments
Horizontal Comparison Experiment - DBSE-Net: Since no other
scholars use non-contrast CT for HT prediction, a horizontal comparison
is proposed to evaluate the performance difference between DBSE-Net and
common classification networks: ResNet, DenseNet, SENet, which is the
winner of the 2017 ILSVR competition. All classification networks use two
ASPECTS images as input like DBSE-Net. Table 1 shows the horizontal
comparison experiment results of DBSE-Net and common classification neural network models. The results show that traditional neural networks can
hardly predict HT from non-contrast CT. Since traditional neural networks
mainly classify images based on rich semantic information, but medical image
has few semantic information. It is difficult for traditional neural networks
to perform well with a relative lack of semantic information and high prediction difficulty. The accuracy rate of about 55% points out that traditional
neural networks cannot extract useful brain lesion features, while DBSE-Net
can extract sufficient brain structural abnormalities, thereby realizing HT’s
effective prediction. The 0-0.1 kappa statistics of the traditional neural network also shows that its prediction results are not consistent with the real
results. The 0.3737 kappa statistics of DBSE-Net indicate that the predicted
results meet the general consistency with the real patient situation. Fig. 5(a)
and Fig. 5(b) respectively show the ROC and PR curve from the horizontal
comparison experiment, which also proves that DBSE-Net can analyze noncontrast CT to predict HT.
Horizontal Comparison Experiment - ASPECTS Selection Rules:
Although we explained the importance of the ASPECTS criterion for feature extraction, there is still a necessity for performance verification from
a technical perspective. We perform two frames image offset on each input
image selected by the ASPECTS criteria. Based on other experiment con16
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(a) Horizontal Comparison ROC

(b) Horizontal Comparison PR
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Figure 5: ROC and PR curves show that DBSE-Net has a good performance for HT
prediction with non-contrast CT.
Table 2: Horizontal Comparison: The prediction results show that the precise selection of
ASPECTS can increase about 5% prediction accuracy.

Acc-Offset
0.5213
0.5428
0.5156
0.6837
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Method
DenseNet
ResNet
SENet
DBSE-Net

Acc-NonOffset
0.5263
0.5833
0.5132
0.7193

Improvement
0.96%
7.46%
-0.47%
5.21%
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ditions unchanged, test the prediction performance of the baseline network
and DBSE-Net.
The prediction results after image offset are shown in Table 2. The small
infarct area may not be captured in non-key frames, and the brain structure
may be unclear with slight image offset. Table 2 shows that the precise selection of ASPECTS can improve the prediction accuracy to a certain extent.
Horizontal Comparison Experiment - Brain region segmentation
layer: We evaluate the brain region segmentation layer’s separation effect on
the left brain, right brain, and infarct region. Since the segmentation layer
determines the accuracy of subsequent feature extraction and area guidance
knowledge, the segmentation accuracy needs to be accurately assessed.
Quantitative results in terms of dice coefficient and mIoU are demonstrated in Table 3. As shown in the table, most networks have a good per17

Table 3: Horizontal Comparison: Multiple segmentation evaluations show that VW-UNet
has the best segmentation effect and the highest consistency with label data.
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Dice
mIoU
Kappa
DeeplabV3(Chen et al., 2017)
0.9632 0.9609 0.9846
DeeplabV3+(Chen et al., 2018) 0.9554 0.9508 0.9770
PSPNet(Zhao et al., 2017)
0.9602 0.9575 0.9822
UNet(Ronneberger et al., 2015) 0.9657 0.9634 0.9857
VW-UNet
0.9706 0.9644 0.9876
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formance on the brain segmentation, and VW-UNet is the most prominent
network. Simultaneously, the ultra-high kappa statistic also points out that
the segmentation network result is remarkably consistent with the original
label.
The segmentation results from different networks are shown in Fig. 6.
From sample 1 and sample 2, VW-UNet is the network with the highest
fit to the infarct area among all networks. From sample 3, DeeplabV3 and
UNet mis-segments brain tissue: sylvian fissure, not the infarct area while
VW-UNet does not mis-segment. From sample 4, only VW-UNet successfully segmented the infarct area. From sample 5, for multi-region infarct
region segmentation, UNet successfully segmented one of the infarct regions,
but only VW-UNet successfully segmented all infarct regions. From all the
samples, UNet and VW-UNet have the best segmentation effect on brain
regions. However, VW-UNet has a better segmentation effect on the infarct
area, but has a small part of brain tissue region mis-segmentations.
Ablation Comparison Experiment - Brain region segmentation
layer: To test the effectiveness of VW-UNet in prediction task, we choose
the traditional segmentation network to replace VW-UNet to implement ablation experiments (Table 4). In Table 4, VW-UNet has the best adaptability
to DBSE-Net. Different networks’ prediction effects have little difference in
prediction tasks. Although UNet has the highest recall value and PSPNet
has the highest precision value, VW-UNet has the best AUC and accuracy
for the prediction task. VW-UNet increases the weight of the infarct area
and improves the accuracy of the key information about the infarct area,
which is more in line with infarct assessment. Fig. 7(a) and Fig. 7(b) respectively show the ROC and PR curve about the brain region segmentation
layer ablation experiment. Through ROC and PR curves, the effectiveness
of VW-UNet can be visually demonstrated.
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Figure 6: Comparison of segmentation effects of brain region segmentation layer: The
segmentation output results show that VW-UNet focuses more on the infarct area and
performs better under complex infarct shapes.
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Table 4: Ablation Comparison: Replacing VW-UNet with traditional segmentation networks. The effectiveness of VW-UNet is verified by different networks’ prediction results.
Among all networks, the most suitable brain region segmentation layer for DBSE-Net is
VW-UNet.

Seg Layer
PSPNet
DeepLabV3
DeepLabV3P
UNet
VW-UNet

Precision
0.7593
0.7209
0.7201
0.7199
0.7348

Recall
Acc
F1 Score
0.7929 0.7061 0.7634
0.8429 0.7018 0.7764
0.8214 0.6930 0.7665
0.8857 0.7105 0.7892
0.8571 0.7193 0.7902

Kappa
0.3667
0.3362
0.3230
0.3363
0.3737

Ablation Comparison Experiment - Feature Encoding layer:
We use the traditional prediction neural network to test the necessity of the
dual-branch encoding layer. As shown in Table 5, the DBSE-Net encoding
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Figure 7: ROC and PR curves show that VW-UNet is the most suitable substructure for
DBSE-Net.
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Table 5: Ablation Comparison: Replace dual-branch feature encoding layer with traditional classification encoder networks. Verify the dual-branch feature encoding layer’s
effectiveness based on the prediction effect of the overall network. The results show that
the IAB+BCAB encoding structure is most suitable for DBSE-Net.
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Encoder
Precision Recall Acc
F1 Score Kappa
DenseNet
0.6337
0.8214 0.5877 0.7008
0.0343
SENet
0.6906
0.6571 0.5789 0.6340
0.1063
ResNet
0.7271
0.7714 0.6798 0.7475
0.3101
IAB+BCAB 0.7348
0.8571 0.7193 0.7902
0.3737

Jo

layer is compared with DenseNet, ResNet and SEnet. In this experiment,
the input of the traditional neural network is a four-channel ASPECTS noncontrast CT image. The four channel image is the superposition of the brain
region segmentation layer output and the DBSE-Net original input image.
As shown in Table 5, DenseNet and SEnet are not suitable for the feature
encoding task of HT prediction. Compared with Table 1, ResNet uses a presegmentation network to greatly improve the prediction effect. However, the
joint feature encoding structure of IAB+BCAB exceeds the single encoding
structure of ResNet in all aspects, and becomes the most suitable feature encoding structure for DBSE-Net. To clearly describe the differences between
the various networks, we also used the ROC and PR curves in Fig. 8(a) and
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Figure 8: ROC and PR show that the IAB+BCAB encoder is most suitable for the DBSENet structure.
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Table 6: Ablation Comparison: DBSE-Net is compared with the effect of retaining only
a single branch. The experimental results show that the single branch is not suitable for
HT prediction mode, and only the dual branch of IAB+BCAB can achieve accurate HT
prediction.

Precision

Recall

Acc

F1

Kappa

0.6947
0.6598
0.7348

0.7143
0.7286
0.8571

0.6316
0.6001
0.7193

0.7038
0.6914
0.7902

0.2162
0.1290
0.3737
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Fig. 8(b).
Ablation Comparison Experiment - IAB & BCAB: To test the
effectiveness of each branch, we apply an ablation experiment to detect local
branch and global branch separately, which is shown in Tabel 6. The table
shows that the BCAB global branch has a significant improvement in the
prediction of HT. Due to the introduction of area guidance knowledge and
the guidance of pre-segmented regions, the BCAB global branch focuses on
distinguishing the infarct area and whether the brain area has a midline displacement phenomenon. On the contrary, the improvement of the IAB local
branch is limited. Compared with traditional neural networks, the assistance
of area guidance knowledge and network structure optimization make local
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Figure 9: The ablation comparison curve between DBSE-Net and its respective branches.
DBSE G means to reserve the BCAB branch (Global), DBSE L means to reserve the IAB
branch (Local). ROC and PR results show that only the dual-branch combination of
IAB+BCAB can achieve accurate HT prediction.
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branches still have HT prediction ability. It can be seen from kappa statistics
that BCAB and IAB branches have a poor correlation with HT’s prediction
results. However, the DBSE-Net combines the BCAB branch and the IAB
branch, making the two branch networks complementary, thereby achieving
HT prediction on non-contrast CT. From the perspective of DBSE-Net’s high
recall index, DBSE-Net is inclined to conservative HT treatment, which is
also in line with the medical community’s current status to avoid high HT
risks. For a clear description of the DBSE-Net’s each branch performance,
the ROC curve and the PR curve are presented in Fig. 9(a) and Fig. 9(b).
To describe the effectiveness of the network structure and explain the
intermediate feature information of the DBSE-Net, the intermediate feature
map is presented in Fig. 10. The feature results of L Layer1 and L Layer2
can clearly show that the global branch focuses on the infarct location, the
area of the infarct, and the boundary between the left and right brains. According to the segmentation results and the performance of L Layer1, the
local branch’s pre-feature extraction entirely depends on the accuracy of the
segmentation network. From the performance of G Layer1 and G Layer2,
the local branch pays more attention to the infarct details and the brain
tissue features (brain compression).
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Figure 10: DBSE-Net’s dual-branch middle layer output heat map. G Layer means the
BCAB branch layer, L Layer means the IAB branch layer. The heat map shows that each
layer of the DBSE-Net effectively pays attention to the infarct area and the global brain
compression.

6. Discussion and conclusion
In this paper, our main contribution is that, for the first time, we achieve
HT prediction based on non-contrast CT, which is difficult and of great
medical significance. The non-contrast CT-based HT prediction method can
effectively reduce the possibility of the patient being injured by the perfusion
agent and save the economic cost, labor cost, and time cost. Our framework
is built on a dual-branch feature separation and enhanced neural network
23
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(DBSE-Net) to achieve the accurate HT prediction. The dual branch separation and enhancement mechanism in DBSE-Net effectively extract the
multi-category and multi-scale lesion features. Simultaneously, DBSE-Net
solves the poor relationship problem through adaptive feature encoding and
introduction of guidance knowledge. Based on the redundant information
removal of the ASPECTS keyframe selection layer, DBSE-Net enhances the
keyframe lesion features. Relying on the adaptive feature encoding structure
(BCAB and IAB) and VW-UNet which pays more attention to the infarct
area, DBSE-Net effectively extracts weak lesion features. DBSE-Net solves
the problems of poor relationship and weak feature extraction, thus realizing
accurate HT prediction. The prediction accuracy (0.72 to 0.55±0.03) and
kappa statistics (0.37 to 0.02±0.09) far exceeding that of the conventional
classification network demonstrate the effectiveness of DBSE-Net.
In summary, we use 288 non-contrast CT images from 144 patients to
achieve an accurate preliminary prediction of HT. Previous research works
do not choose HT prediction based on non-contrast CT, which is realized by
our study. Through our non-contrast CT prediction method, a large number of high-risk HT patients will be rescued. We hope that in the future,
non-contrast CT prediction algorithms with higher accuracy and better prediction effect can be proposed to save patients’ lives.
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