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Preface
2021 6th International Conference on Biomedical Imaging, Signal Processing (ICBSP 2021) was held
successfully online during October 29-31, 2021.
ICBSP 2021 is organized to provide a platform and opportunity for leading experts and scholars in the
field of Biomedical Imaging and Signal Processing from around the world to present their cutting-edge
work. It plays a synergistic role in promoting research and development in the area of Biomedical
Imaging and Signal Processing. We hope that the results of the conference will constitute a significant
contribution to knowledge in these latest scientific fields.
The selected papers were submitted to the conference from universities, research institutes. Each
contributed paper has been peer-reviewed by reviewers who were collected from technical committee
members as well as other experts in the field from different countries. The proceedings tend to present to
the readers the newest researches results and findings. The topics of the volume are Biomedical Image
Processing and Machine Learning in Biomedicine and Clinical Medicine and Public Hygiene. These
papers provide new achievements and new technologies in these fields, so as to give reference for
technicians in future research. Thanks for the nice work of the authors.
The success of the conference would not have been possible without the efforts and support of everyone.
We would like to express our most sincere gratitude to the paper reviewers who provided constructive
criticism for their efforts to improve the quality of the paper and to the authors who made timely
improvements and corrections. This appreciation also goes to the conference committee members, who
contributed selflessly to the success of the conference. Last but not least, we are also grateful to all the
authors who submitted papers, because of whom the conference became a success story. It was the
quality of their presentations and their enthusiasm to interact with other participants that really made this
conference series a success.
Finally, we truly hope all participants have found the discussions practical and have enjoyed the
opportunity for establishing future collaborations. And we hope that all participants and other interested
readers benefit scientifically from the proceedings.
We are looking forward to seeing you all in ICBSP 2022!

ICBSP 2021 Organizing Committee
October 29-31, 2021
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ABSTRACT

been proposed for vessels segmentation in the retina, the existing
segmentation methods often have problems such as missing micro
vessels or poor connectivity. It is time-consuming and subjective
to distinguish between arterial and venous vessels manually. Conventional machine learning methods [2–4], have problems such
as insufficient features and feature bias, and the operation process
is complicated; while the retinal vessels segmentation methods
based on deep learning [5–7], have received a lot of attention, and
the methods have a powerful feature extraction capability. U-Net
[8] currently has excellent performance in the field of medical image analysis, and has become a semantic segmentation network
commonly used in the field of medical image segmentation. In
this paper, we review three derived networks of U-Net: Residual
Spatial Attention Network, Generative Adversarial Networks and
IterNet, to analyze the performance of retinal vessels segmentation
by comparing U-Net and its derivatives.

U-Net frameworks reveal potential on image segmentation tasks of
the complex morphologic objects, such as capillaries. To compare
the performance of vessels segmentation in fundus images, in this
paper, we review U-Net and its three derived architectures: Residual Spatial Attention Network, Generative Adversarial Networks
and IterNet. The networks training and testing were completed
using the same image datasets under the same configurations. We
calculated the accuracy and precision of segmentation results. The
results showed that the cascade U-Net architecture provided better
results especially on the capillaries parts.

CCS CONCEPTS
• Applied computing; • Life and medical sciences; • Health
care information systems;
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The Residual Spatial Attention Network(RSAN) is used for retinal
vessels segmentation of fundus images. RSAN [9] uses an improved
residual block architecture [10] with the addition of DropBlock
[11], which is influenced by the DropBlock and residual network.
This structure has two advantages: first, it enhances the quality
of learning information between layers, ensuring the transfer of
information from shallow layers to deep layers, and thus allowing
the extraction of deeper vessels features; second, it significantly
improves the overfitting situation. Moreover, a spatial attention
mechanism [12] is introduced so that the network automatically
learns the importance of each feature spatially, improving the expressiveness of the network, and a residual spatial attention block
is proposed to construct the RSAN.
The structure of RSAN is shown in Figure 1. RSAN consists
of six blocks, there are three encoder blocks (left side) and three
decoder blocks (right side) connected by a serial operation. Each
encoder and decoder layer contain a pre-activated residual block
with integrated DropBlock, a Residual Spatial Attention Block, a
batch normalization layer and a corrected linear unit (ReLU). In the
encoder layer, the max pool of pool size 2 is used for downsampling,
so that the size of each image after RSAB is reduced to half of the
original size, which reduces the computational complexity and thus

INTRODUCTION

Retinal vessels segmentation is key step for the automatically diagnosis of retinal diseases. The segmentation precision affects the
accuracy of diseases recognition, such as hypertension, small arteriosclerosis and diabetic retinopathy. The difficulty in vessels
segmentation is that there is no significant difference in the appearance and background of vessels, which causes difficulty to extract
the capillaries in fundus images [1]. Although many methods have
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Figure 1: The Structure of RSAN
the training time. The decoding layer is similar to the encoding
layer, except that the former uses a 2×2 transposed convolution
for upsampling instead of pooling. The final layer utilizes a 1×1
convolution and then uses the Sigmoid activation function to obtain
the desired feature maps.

2.2

information c can be in any form, such as text descriptions of the
generated images, class labels, etc.
The retinal vessels segmentation model based on cGAN is shown
in Figure 2. A fundus image x and auxiliary information c are input
to the generator, and the generator finally outputs a segmented
retinal vessels image by learning the mapping relationship G:(x,
c)→y from the fundus image (x, c) to the expert-labeled retinal
vessels image y. The discriminator learns the distribution difference between the input image pair (x, y) and (x, G(x)) to correctly
discriminate the source of the input image, and a discriminator
output of 1 indicates that the input retinal vessels image comes
from the real data labeled by the expert; a discriminator output
of 0 indicates that it comes from the forged data generated by the
generator.

Generative Adversarial Networks

The conditional Generative Adversarial Networks (cGAN) [13] is
used for fundus image retinal vessels segmentation, where the
generator segments the retinal vessels using U-Net and inputs the
segmented retinal vessels image and fundus image together into the
discriminator for judgment. The generator and discriminator are
trained against each other until the discriminator cannot correctly
discriminate whether the input data are generated from the generator or from the expert annotation, then the generator is considered
to have learned the distribution of the real data.
Generative Adversarial Networks (GANs) [14] are a framework
that consists of two networks, a generator and a discriminator. The
role of the generator is to learn the mapping relationship from
random noise variables to the real image and tries to generate an
output image that is indistinguishable to the discriminator. The
discriminator is a binary classifier whose input is either the real
image or the generated image from the generator, and the output is
the probability that the input data is derived from the real image. A
probability value of 1 indicates that the discriminator considers the
input data to be the real image; a probability value of 0 indicates
that the input data is different from the real image and the input
data is generated by the generator. Each output of the discriminator
is fed back to the generator, and the GANs follow the sequence of
updating the parameters of the discriminator first and then updating
the parameters of the generator by resampling the obtained noise
data until the end of training.
In GANs, the output of the generator is determined by the random noise variables only and cannot control its generation content,
so the auxiliary information c is added to the random noise variables
to control the generation of the image by the generator, which is
called conditional Generative Adversarial Networks. The auxiliary

2.3

IterNet

The IterNet [1] is a cascade network proposed by Li et al., which
is based on the improvement of U-Net, i.e., three refinery modules
(mini-UNets) were added after the base module (U-Net), and the
IterNet applicable to the retinal vessels segmentation task of fundus
images was obtained by cascading the base and refinery modules,
which is four times deeper than the normal U-Net. The structure
of the IterNet is shown in Figure 3, which consists of two slightly
different architectures: one is U-Net, a module based on the encoderdecoder idea, and the network has a total of 19 convolutional layers
(16 sequential convolutions + 2 systolic-to-extended convolutions
+ 1 convolution of 1 × 1 convolution), and the mapping from the
original fundus image to the retinal vascular image is mostly learned
by the base module, so that a rough vascular segmentation map can
be obtained; the other is mini-UNet, a simplified version of U-Net,
with a total of 11 convolutional layers (8 sequential convolutions
+ 2 systolic-to-extended convolutions + 1 convolution of 1 × 1
convolution). The refinery module is mainly responsible for the
micro vessels at the end of the vessels. Therefore, if there are enough
samples to train the refinery module, good segmentation results
will be obtained. In order to better complete the correction, the
refinery module is applied iteratively in IterNet, and the number

2
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Figure 2: The Structure of cGAN

Figure 3: The Structure of IterNet
of iterations is set to 3. The output of the last refinery module
will be the output of IterNet. Moreover, the problem of gradient
disappearance occurs as the network architecture deepens in deep
learning, so in order to back propagate effectively, IterNet needs
a path from the upper layer to the lower layer. Therefore, three
kinds of skip connections are added to IterNet. The first one is
intra-module connection, which connects the coding layer of each
module to the decoding layer. The second one is the connection
from the base module to the refinery modules. The last one is the
connections among mini-UNets.

resolution of 700*605, 10 of which contain DR pathological features.
On the DRIVE dataset, 20 fundus images were used for training,
and 20 fundus images were used for testing. On the STARE dataset,
10 fundus images were used as the training set and the remaining
fundus images were used as the testing set.

3.2

Quantitative Evaluation

In order to objectively and quantitatively judge the retinal vessels
segmentation results of fundus images, we use Specificity(SP), Sensitivity(SE), Accuracy(AC), Receiver Operating Characteristic Area
Under Curve (ROC_AUC)and Precision Recall Area Under Curve
(PR_AUC) as performance evaluation indexes. SP describes the
performance of the model to detect backgrounds, SE describes the
performance of the model to detect vessels, AC describes the performance of the model to distinguish vessels from background, Recall
is called recall rate and Precision is referred to as the accuracy rate.
The ROC curve responds to the changing relationship between the
probability of a true positive (SE) and the probability of a false positive (1-SP). The performance of the segmentation methods can also
be evaluated by calculating the area under the PR and ROC curves,
and the closer the AUC value is to 1 indicates better segmentation.

3 RESULTS AND DISCUSSION
3.1 Datasets
The experiments were performed on two publicly available datasets,
DRIVE [15] and STARE [16], both of which include expertannotated retinal vascular images and mask images for extracting regions of interest. The DRIVE dataset contains two expert-annotated
retinal vascular images, and only the first expert-annotated result
is used as Ground Truth in the experiments. The DRIVE dataset is
derived from a DR screening project in the Netherlands and has 40
fundus images with a resolution of 565*584, 7 of which show signs
of mild early DR. The STARE dataset has 20 fundus images with a

3
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Table 1: Experimental software and hardware environment configuration
Hardware Environment

CPU : Intel(R) Xeon(R)Gold 5118GPU : NVIDIA GeForce GTX 1080Ti,Tesla P100 PCIe 12GB

Software Environment

Operating System: Debian 4.19.67-2
Deep Learning Framework: Tensorflow 1.13.1
Development Language: Python
Dependencies : Opencv, Numpy etc.

Table 2: : Comparison of segmentation results of different retinal vessels segmentation methods for fundus images on the
DRIVE dataset
Model

AC

SE

SP

ROC_AUC

PR_AUC

U-Net [8]
cGAN [13]
RSAN [9]
IterNet [1]

0.9537
0.9533
0.9538
0.9556

0.8164
0.8240
0.8225
0.8339

0.9737
0.9721
0.9729
0.9734

0.9761
0.9772
0.9770
0.9805

0.9042
0.9038
0.9056
0.9137

Table 3: Comparison of segmentation results of different retinal vessels segmentation methods for fundus images on the
STARE dataset
Model

AC

SE

SP

ROC_AUC

PR_AUC

U-Net [8]
cGAN [13]
RSAN [9]
IterNet [1]

0.9566
0.9625
0.9514
0.9641

0.7872
0.8212
0.7524
0.8333

0.9763
0.9789
0.9746
0.9793

0.9745
0.9750
0.9546
0.9844

0.8801
0.8984
0.8418
0.9124

5

We compare the retinal vessel segmentation results with the expertlabeled retinal vessel images. The segmentation result of each pixel
in the fundus image belongs to one of the following four cases.
True positive (TP) indicates pixels predicted to be blood vessels that
are actually also blood vessels. True negative (TN) indicates pixels
that are predicted to be backgrounds are actually also backgrounds.
False positive (FP) indicates pixels that are predicted to be blood
vessels but are actually backgrounds. False negative (FN) indicates
pixels that are predicted to be backgrounds but are actually blood
vessels. The definitions of the above evaluation indicators are as
follows:
TP +TN
AC =
(1)
TP + FP + T N + FN
TP
SE =
(2)
TP + FN
TN
SP =
(3)
T N + FP
TP
Recall =
(4)
TP + FN
TP
Pr ecision =
(5)
TP + FP

4

EXPERIMENTAL RESULTS

In order to compare the retinal vessels segmentation effects of U-Net
and the three derived networks, we trained and tested these four
methods on the DRIVE and STARE datasets, and the segmentation
performance evaluation index result values are shown in Table 2
and Table 3. It can be seen that IterNet has the highest segmentation
accuracy on both datasets. cGAN, RSAN and IterNet have higher
ROC_AUC than U-Net on the DRIVE dataset, while IterNet , cGAN
and IterNet have higher ROC_AUC than RSAN on the STARE
dataset.
From the segmentation results, we can see that U-Net has good
performance (ROC_AUC>0.97), so the improved U-Net network
performance is not much improved. From the ROC and PR performance evaluation plots in Figure 4 and Figure 5, it can be seen that
IterNet shows better performance than the other three networks in
most cases, with ROC_AUC reaching 0.9805 and PR_AUC reaching 0.9137 on the DRIVE dataset. Compared to the original U-Net,
ROC_AUC improved by 0.44% and PR_AUC improved by 0.95%.
Even on the STARE dataset with fewer training and testing samples,
IterNet also shows good performance with ROC_AUC of 0.9844 and
PR_AUC of 0.9124, compared with the U-Net, ROC_AUC was 0.99%
higher and PR_AUC was 3.23% higher. However, all other models
have a significant deterioration on the STARE dataset, such as the
RSAN network, with a ROC_AUC value of 0.9546 and a PR_AUC
value of 0.8418. This indicates that IterNet can use fewer datasets
to train the model.

EXPERIMENTAL ENVIRONMENT

The experimental platform is NVIDIA GeForce GTX 1080 Ti GPU,
and is based on the Tensorflow framework and Keras implementation. The specific configuration of the software and hardware
environment is shown in Table 1

4
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Figure 4: ROC and PR performance evaluation curves of different methods on the DRIVE dataset

Figure 5: ROC and PR performance evaluation curves of different methods on the STARE dataset
A set of cases of segmentation results on the DRIVE dataset are
demonstrated in Figure 6. Both U-Net and its three derived networks
are better able to achieve the task of retinal vessels segmentation
of fundus images.
Figure 7 shows the local magnification of the retinal vessels segmentation results using different methods on the DRIVE dataset.
The comparison shows that IterNet segmentation has the best performance, cGAN is the second, and U-Net and RSAN segmentation
is not as good as the first two methods, and there is a case of segmenting a single vessels into two unconnected parts.
Figure 8 shows the output loss curve of the base module of
IterNet and the subsequent output loss curve of the third refinery
module during the training process. It can be seen that there is a
significant decrease in the output loss curve of the base module to
the output loss curve of the third refinery module.
Figure 9 shows the output of the base module of the fundus image
example and the 3 outputs of the subsequent 3 refinery modules. It
can be seen that the intermediate results of the retinal vessel images

always change after each refinery module, and IterNet gradually
connects the split microvessels together through iterative prediction
of the refinery module.

6

CONCLUSION

In this paper, U-Net method and its three existing derived networks
for retinal vessels segmentation with better completion are analyzed. Then the segmentation performance of U-Net and the three
derived networks in the retinal vessels segmentation task of fundus
images was analyzed by experimental comparison. The conclusion
is that the method based on IterNet performed better for retinal vessels segmentation. We think the iterative architecture has a deeper
understanding of the retinal vascular network and is able to decompose the segmentation task from cough to refined levels, which
improve the precision of capillaries segmentation. We performed
fundus vascular segmentation to study the effect of hypertension
on the eye. Therefore, the accuracy and precision obtained using
IterNet is sufficient for medical diagnosis. In terms of practicality,

5
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Figure 6: Example of retinal vessels segmentation results for fundus images on the DRIVE dataset

Figure 7: Enlarged example of retinal vessels segmentation results of different algorithms on the DRIVE dataset

REFERENCES

it is a good method. However, in the latest study, the paper [17]
innovatively introduced cascade network engineering to the vascular segmentation task and proposed a bipartite symmetric cascade
network (BSCN) with a significant improvement in the accuracy
of retinal vascular segmentation, the network is composed of five
scale detection blocks, and each of the two scale detection blocks is
connected by a max-pooling layer. So the method plays a role in
our future improvements.

[1] Li L, Verma M, Nakashima Y, et al.2020. IterNet: Retinal image segmentation
utilizing structural redundancy in vessels networks. Proceedings of the IEEE/CVF
Winter Conference on Applications of Computer Vision. IEEE, 2020: 3645-3654.
[2] Hoover A , Kouznetsova V, Goldbaum M. 2000. Locating blood vessels in retinal
images by piecewise threshold probing of a matched filter response. IEEE transactions on medical imaging,2000,19(3):203-10. https://doi.org/10.1109/42.845178
[3] Mendonca A M, Campilho A. 2006. Segmentation of retinal blood vessels by
combining the detection of centerlines and morphological reconstruction. IEEE
Transactions on Medical Imaging.vol. 25, no. 9, pp. 1200-1213, Sept. 2006.https://
doi.org/10.1109/TMI.2006.879955. https://ieeexplore.ieee.org/abstract/document/
1677726
[4] Becker C., Rigamonti R., Lepetit V., et al. 2013. Supervised feature learning for
curvilinear structure segmentation. International Conference on Medical Image
Computing and Computer-Assisted Intervention. (8149): 526-533. https://doi.org/
10.1007/978-3-642-40811-3_66
[5] Ganin Y., Lempitsky V.2014. N4-fields: Neural network nearest neighbor Fields
for image transforms. Asian Conference on Computer Vision.(9004): 536-551.

ACKNOWLEDGMENTS
This work was supported and developed by Dr. Na Wan in the
Second Affiliated Hospital of Zunyi Medical University.

6

Compare Derived U-Nets Using For Retinal Vessels Segmentation

ICBSP ’21, October 29–31, 2021, Xiamen, China

Figure 8: Loss profile of IterNet’s base module and the third refinery module during training on the DRIVE dataset

Figure 9: Results of retinal vessel segmentation based on IterNet (DRIVE dataset)
2015.Lecture Notes in Computer Science. Springer, Cham. 2015: 234-241. https:
//doi.org/10.1007/978-3-319-24574-4_28
[9] Guo C, Szemenyei M, Yi Y, et al. 2020. Residual Spatial Attention Network for
Retinal Vessels Segmentation. arXiv preprint arXiv:2009.08829, 12532: 509-519.
https://doi.org/10.1007/978-3-030-63830-6_43
[10] He, K., Zhang, X., Ren, S., Sun, J.2016. Identity Mappings in Deep Residual Networks. In: Leibe, B., Matas, J., Sebe, N., Welling, M. (eds.) Computer Vision – ECCV
2016. ECCV 2016. Lecture Notes in Computer Science. Vol. 9908, pp.630–645.
Springer, Cham. https://doi.org/10.1007/978-3-319-46493-0_38.
[11] Ghiasi, G., Lin, T.-Y., Le, Q.V.2018. DropBlock: a regularization method for convolutional networks. In: Neural Information Processing Systems.

https://doi.org/10.1007/978-3-319-16808-1_36
[6] Shouting Feng, Zhongshuo Zhuo, Daru Pan, Qi Tian. 2020. CcNet: A crossconnected convolutional network for segmenting retinal vessels using multi-scale
features. Neurocomputing.392: 268-276. https://doi.org/10.1016/j.neucom.2018.10.
098
[7] Jin Q, Meng Z, Pham T D,et.al.2019. DUNet: A deformable network for retinal
vessels segmentation. Knowledge-Based Systems.178(Aug 2019):149-162. https:
//doi.org/10.1016/j.knosys.2019.04.025
[8] Ronneberger O, Fischer P, Brox T. 2015. U-Net: Convolutional Networks for
Biomedical Image Segmentation. In: Navab N, Hornegger J, Wells W, Frangi A
(eds) Medical Image Computing and computer-assisted intervention-MICCAI

7

ICBSP ’21, October 29–31, 2021, Xiamen, China

Guangxu Li et al.

[12] Woo, S., Park, J., Lee, J.-Y., Kweon, I.S.2018. CBAM: convolutional block attention module. In: Ferrari, V., Hebert, M., Sminchisescu, C., Weiss, Y. (eds.) ECCV
2018.LNCS, vol. 11211, pp. 3–19. Springer, Cham (2018). https://doi.org/10.1007/
978-3-030-01234-2_1
[13] M. Mirza, S. Osindero.2014. Conditional generative adversarial nets, arXiv
preprint arXiv:1411.1784.
[14] Son J, Park S J, Jung K H.2017. Retinal vessels segmentation in fundoscopic
Images with Generative Adversarial Networks. Computer Vision and Pattern
Recognition, arXiv preprint arXiv: 1706.09318.

[15] Staal J, Abramoff M D, Niemeijer M, et al. 2004. Ridge-based vessels segmentation
in color images of the retina. IEEE Transactions on Medical Imaging, 23(4): 501509.doi:10.1109/TML.2004.825627
[16] Hoover A.D, Kouznetsova V, Goldbaum M. 2000. Locating blood vessels in retinal images by piecewise threshold probing of a matched filter response. IEEE
Transactions on Medical Imaging, 19(3):203-210.doi:10.1109/42.845178
[17] Guo Y, Peng Y. 2020. BSCN: bidirectional symmetric cascade network for retinal
vessels segmentation. BMC medical imaging. 20(1): 1-22. https://doi.org/10.1186/
s12880-020-0412-7

8

Information Compensation Based on Pulse Coupled Neural
Network
Juntong Jing
University of California, Santa Barbara
juntongjing@ucsb.edu

ABSTRACT

break the bottleneck of existing computer vision and image processing technologies in order to improve and enhance the performance
of computer vision technology and image processing technology.
At present, bionic and computer vision and image processing technology that combines human visual characteristics have become a
hot research direction.
In 1987, Gray et al. discovered a biological phenomenon in which
neurons in the cerebral cortex of mammals stimulate oscillations.
Later, Eckhom et al. constructed a mathematical model showing
the oscillating behavior of visual cortex neurons based on this phenomenon, that is, Pulse Coupled Neural Network (PCNN), which
becomes a Typical representative of the visual cortex neuron model.
Since the working mechanism of the PCNN model is similar to
that of the human visual cortex neurons (such as the pulse firing
phenomenon of the visual cortex neurons after being stimulated
and the refractory period characteristics of the human visual cortex neurons), the model has become one of the means of doing
researches of image processing method that is based on human
vision mechanism.
Gray et al. found through experiments on cat visual cortex that
the generation of oscillatory response is a cerebral cortex phenomenon. This supports Eckhorn’s synchronization hypothesis that synchronization is the mechanism by which local visual features can
explain global perception. Therefore, they divided synchronization
into two different types: stimulus-compulsive type and stimulusinduced type. Subsequently, some other researchers proposed a
connection field model to simulate the synchronized activities of
the cat’s visual cortex [6, 7]. Johnson implemented a pulse-coupled
neural network in the field of image processing for the first time,
and analyzed the wave mechanism of information propagation
[8, 9]. Ranganath and other studies have shown that PCNN is an
effective tool for image smoothing, image segmentation and feature
extraction [10]. In 1996, Kinser introduced a more effective impulse
network, which produced results similar to the original network
[11]. Since then, people have proposed a series of improved models
of PCNN, aiming to adjust its performance to image processing
algorithms [12]. The Intersecting Cortical Model (ICM) is one of
the most representative simplified versions of the PCNN model,
which is used to enhance the features in the image [13]. In 2009,
Zhan et al. [14] introduced the Spike Cortical Model (SCM), which
made a compromise between ICM and the original PCNN, that
is, SCM is a simplified system of PCNN equations, but retains the
connection field, while ICM only includes feeding enter. In recent
years, heterogeneous PCNN [15-17] and non-full-step models [18]
have been proposed and improved one after another, enriching the
classification of PCNN models.
In this paper, the pulse-coupled neural network algorithm is
used to achieve information compensation for the fused image with
information loss, and a better visual effect is obtained. The article

Image Fusion is an enhancement technique, which aims to combine
the images acquired by different sensors and generate informative
images in order to make the subsequent processing easier or to help
make decisions. The image fusion mission is done by the image
fusion algorithm which is based on Pulse Coupled Neural Network
and Discrete Cosine Transform. After the image fusion, information
loss appears in part of fusion results, so some positions become
empty. To solve this problem, this paper designs a compensation
framework for image fusion. This framework aims to obtain better
subjective effects and objective indicators. By comparing with the
image information compensation methods of different parameters
and different frames, the image after the image information compensation of the pulse coupled neural network has got a good visual
effect, and the index is relatively excellent.
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1

INTRODUCTION

With the rapid development of brain science, medicine, neuroscience, and organizational behavior, humans have carried out
fruitful research on their own visual system from the macroscopic
structure and working methods to the microscopic nerve cells and
working mechanism, and a series of gratifying achievements have
been made. Since the mid-1970s, many scholars have combined
the above research results to carry out research work on computer
vision and image processing technology based on the mechanism of
human vision [1-5], seeking new technologies and new methods to

This work is licensed under a Creative Commons Attribution International
4.0 License.
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© 2021 Copyright held by the owner/author(s).
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Figure 1: Image fusion algorithm flow based on improved pulse coupled neural network and discrete cosine transform.
includes three parts: introduction, pulse-coupled neural network
information compensation, and conclusion.

2

PULSE COUPLED NEURAL NETWORK
IMAGE INFORMATION COMPENSATION
2.1 Image Fusion Algorithm
Assuming that there is a source image that has been registered, the
image fusion is divided into three steps. The first step is the initial
fusion of the image. First, two-scale decomposition is performed.
The source image is decomposed into a base layer image and a
detail layer image through a low-pass filter, and then different
fusion strategies are designed according to the characteristics of
the base layer image and the detail layer image. The base layer
image is fused using the average fusion strategy, and the detail
layer image is fused using discrete cosine transform, and then the
base layer image and the detail layer image are initially fused and
reconstructed; The second step is to process the preliminary fused
image through a pulse-coupled neural network optimized based
on the sine-cosine objective optimization, so that the final result
is more in line with the perception habits of the human eye. The
algorithm flow based on improved pulse coupled neural network
and discrete cosine transform is shown in Figure 1

Figure 2: Image schematic diagram of cavity

2.2

Image Information Compensation
Algorithm Framework

After image fusion, information loss occurred in part of the fusion
result, and holes appeared in some locations, as shown in Figure 2,
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Figure 3: Block diagram of image information compensation mechanism

3 IMAGE INFORMATION COMPENSATION
EFFECT VERIFICATION

which is not possible for the final result of image fusion. Therefore,
in order to avoid this unexpected situation, a compensation framework for image fusion is designed. This framework is designed
for the purpose of obtaining better subjective effects and objective
indicators. Obtain the difference image, Di f f F , of the fusion image
and the mean value of I 1 and I 2 from Formula (1),

This part uses five evaluation indicators, including information entropy (EN), mutual information (MI), structural correlation degree
(SCD), edge strength (Edge), and average gradient (AVG) for evaluation. The comparison objects are image information compensation
methods with different parameters and different frames. The results
of different compensation methods are shown in Table 1. Figure 2
is the image obtained by the two-scale fusion algorithm based on
discrete cosine. Although the objective indicators are very good,
the subjective effect is not good. It can be seen from the image that
there are obvious holes. Figure 4(a) is the image obtained by adding
the pixel points greater than 0.9 after normalization of the difference image Di f f F on the basis of the pseudo fusion image, Fusion.
Figure 4(b) is the image obtained by adding the pixel points greater
than 0.95 after normalization of the difference image Di f f F on
the basis of Fusion. The effect is not very good either. In addition,
there is a problem with this method, that is, each image needs to
be tried artificially to get an appropriate pixel threshold, such as
0.9 and 0.95. Figure 4(c) is the image obtained by multiplying the
difference image with the image of the improved pulse-coupled
neural network and adding it to Fusion. This method does not require artificial selection of parameters, but holes can still be seen
from the figure. Figure 4(d) is the method proposed in this paper.
The difference image Di f f F is morphologically dilated, and then
the dilated image is used as the input of the improved simple pulsecoupled neural network, and then multiplied by Di f f Fdil at e , and
the result is added to Fusion. It can be seen from the image that
a good visual effect is obtained, and the indicators are relatively
excellent.

I1 + I2
(1)
2
The difference image Di f f F is morphologically dilated as the input of the improved pulse-coupled neural network to obtain the
different image Di f f F PC N N , and then normalize Di f f F PC N N .
Finally, as shown in Figure 3, the difference image Di f f F is processed according to formula (2) and combined with Fusion to obtain
the final fused image,
Di f f F = Fusion −

Finish = Fusion + Di f f Fdil at e × Di f f F PC N N

(2)

where Di f f Fdil at e is the image obtained by morphological dilation of Di f f F .
In order to clearly explain the algorithm flow of the information
compensation mechanism, the algorithm frame of the entire compensation mechanism is shown in Figure 3. The pseudocode is as
follows:
Begin
Input Fusion, I1, I2;
Di f f F = Fusion - (I1 + I2) / 2;
Di f f Fdil at e = indilate(Di f f F );Di f f F PC N N =
PCNN(Di f f Fdil at e );
Normalized treatment of Di f f F PC N N ;
Finish = Fusion + Di f f Fdil at e × Di f f F PC N N ;
End
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Table 1: Results Table of Different Compensation Methods

EN
MI
SCD
Edge
AVG

Di f f F > 0.9

Di f f F > 0.95

Di f f F × Di f f F PC N N

Di f f Fdil at e × Di f f F PC N N

0.99
1.99
1.381
91.87
9.072

0.99
1.99
1.3789
91.83
9.0608

0.99
1.99
1.3736
92.669
9.145

0.99
1.99
1.392
90.890
8.962

Figure 4: Results of different compensation methods

4
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ABSTRACT

assist in identifying positive lymph nodes and determining the N
staging of gastric cancer in patients.

Gastric cancer is one of the most common cancers worldwide. The
N staging of gastric cancer is a decisive factor in prognostic evaluation and decision-making of staged cancer treatment strategies.
Pathologists generally judge the N staging of gastric cancer based
on the number of lymph node metastasis on the histopathological WSIs. Tumor cells invading the lymph nodes are called lymph
node metastasis, and we call the invaded lymph nodes positive
lymph nodes. The mainstream method for judging positive lymph
nodes is still by observing with the naked eye, which has problems such as heavy workload, time-consuming, and fatigue easily.
Here, we propose a deep learning framework for identifying the
number of lymph nodes and then determine whether each lymph
node is benign or malignant. The framework consists of a lymph
node detection network and a lymph node benign and malignant
classification network. After training, the detection network and
classification network achieved a recall rate of 94% and an accuracy
rate of 95.7%, respectively. Furthermore, the framework maintains
a 0.936 accuracy rate in the independent validation patient cases.
The results demonstrated that our proposed framework can not
only reduce pathological workload to a certain extent, but can also
∗ Corresponding
† Corresponding
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1

INTRODUCTION

Gastric cancer is one of the most common malignant tumors of
the digestive system [1]. Cancer statistics in various countries and
regions are carried out in the "Global cancer statistics 2020" [2]
published by the International Agency for Research on Cancer of
the World Health Organization. The results show that gastric cancer
is the fifth most common malignant tumor worldwide, Gastric
cancer can cause symptoms such as abdominal pain and nausea to
seriously affect the daily life of the patient and reduce the quality
of life. In addition, it can also shorten the life of the patient and
seriously threaten the life of the patient.
Recent domestic clinical studies in China have confirmed that the
TNM staging system is an independent factor influencing the prognosis of gastric cancer recurrence after surgery, whose result is of
great significance in the prognostic survival of patients. In addition,

author.
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• Secondly, we train the pathology classification model by
dividing large lymphatic WSIs into small tiles. We propose
an ingenious image enhancement method to enhance the
texture, color, and other features of the lymph node images
by mapping the images from RGB color space to HSV and
CIELAB color space, respectively, to improve the accuracy
of the classification network.
• Last but not least, we propose a new framework: the output of the lymph node number detection network and the
lymph node benign and malignant classification network
are merged into the slide-level diagnosis. From the detection
outputs, the pathologist can quickly obtain the number of
positive lymph nodes for every large WSI large image. Combining all the patient’s lymph node slices and visualized heat
maps, our proposed framework can assist pathologists in
diagnosing the patient’s N staging.

the N staging of gastric cancer itself is also one of the independent
factors that predicts overall survival in patients with gastric cancer
[3]. Pathologists often observe and judge positive lymph nodes
under a microscope. This process is tedious and time-consuming,
and there is the possibility of misdiagnosis and missed diagnosis.
Therefore, how to use artificial intelligence to model pathological
images and accurately determine the number of positive lymph
nodes on WSI map, to assist pathologists in the N staging diagnosis
of gastric cancer has great research value.
Pathological diagnosis is a highly reliable disease detection
method, as known as the "golden standard" of clinical medicine
diagnosis and treatment. Pathological diagnosis of gastric cancer is
an important part of the gastric cancer diagnosis process. However,
due to the large amount of pathological slice data, pathologists
have the problems of huge workload, low diagnostic efficiency, and
fatigue in manual scanning, which affects the diagnosis reliability.
Thus, in the context of pathological slices digitization, in recent
years, the intelligent analysis technology of digital pathological
slices has gradually shown its advantages.
With the rapid development of neural networks, deep learning
algorithms began to gradually participate in the analysis and processing of pathological images. The detection and classification of
skin cancer [4], the localization and classification of colorectal cancer [5], and the segmentation of breast cancer [6] lesions have good
performance in neural networks. Not only that, researchers around
the globe have developed a variety of deep learning AI models and
have made many attempts in the field of gastric cancer detection
[7], classification [8], and segmentation [9]. However, there are
few data sets of gastric cancer pathological slices available on the
Internet, and how to use the limited data to train deep learning
networks has always been a difficult problem. The data volume of
a single full-field pathology slice is mostly above 1 gigabyte, which
also brings a huge challenge to data storage and reading.
In this paper, we propose a novel convolutional neural network
(CNN)-based framework for detecting positive lymph node on gastric histopathological images. The framework is proposed for the
following reasons: First, due to the large amount of data in digital pathological slices of gastric cancer, it is cumbersome to label
gigapixel whole slide images finely and will consume a lot of manpower and resources. How to obtain the pathological information
we need through the less annotated workload of pathologists is a
challenge for many detection and classification tasks. Second, many
researchers are devoted to the interpretation of the TN staging of
gastric cancer based on MRI and CT images, while the N staging
work based on the pathological slices of gastric cancer is rarely
carried out. The framework we propose can identify positive lymph
nodes in the pathological slices. So as to assist the pathologist to
judge the N staging of the patient’s gastric cancer.
Specifically, our main contributions are as follows:

2 RELATED WORKS
2.1 Artificial Intelligence and Pathological
Images of Gastric Cancer
In recent years, due to the promotion and popularization of digital
pathology images, how to organically integrate artificial intelligence with digital pathology has become one of the research fields
with high research enthusiasm. Traditional digital imaging processing technology extracts hand-designed color and texture features
from pathological images, which need to rely on strong prior information [10]. With the birth of convolutional neural networks and
the continuous development of deep learning, artificially designed
features are gradually being replaced by deep neural networks.
Many researchers will be efficient and accurate feature extraction
networks to the pathological image valuable work areas. Ciresan et
al. [11] demonstrated for the first time that deep learning algorithms
can be used in pathological slices to detect mitosis. GoogLeNet [12]
judges and judges metastatic breast cancer by randomly extracting small pathological images from the region of interest. In 2018,
the InceptionV3-based lung cancer pathological image classification and gene prediction method entered the public eye [13]. In
2020, Hafhouf et al. [14] used an improved Unet network to improve the accuracy of skin cancer segmentation. In recent years,
these auxiliary diagnosis tasks applied to pathological images have
emerged with the rapid development of deep learning and artificial
intelligence algorithms.
Not only that, in the field of gastric cancer pathology images,
scholars have also used AI to make meaningful explorations and
attempts: Alfonso [15] and others have implemented a simple and
flexible automatic detection and quantification strategy for gastric
cancer glands. Li et al. [16] Observed gastric mucosal lesions based
on convolutional neural network analysis of narrow-band imaging.
Li et al. [17] proposed a deep learning framework for automatic
identification of gastric cancer: GastricNet. Lizuka [18] and others
trained CNN and recurrent neural networks to distinguish gastric
adenocarcinoma, adenoma, and non-neoplastic gastric cancer.

• First, taking digital pathological images of tissue samples
as input, we propose a lymph node detection network to
count the number of lymph nodes. Compared to image segmentation tasks that require precise masks as labels, our
lymph node detection network takes less time for pathologists to mark the bounding boxes of lymph nodes. This
greatly reduces the time spent by during annotations.
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2.2

Detection of positive lymph nodes for
gastric cancer

devices in the future, we need to consider how to reduce the computational cost and computational resource consumption of the
neural network to achieve the lightweight of the network model.
Ghost module [25] is a plug and play module that makes the
network lightweight. The main idea of Ghost con-volution module is to replace redundant feature maps with
Ghost feature maps. Given the problem of a large number of redundant feature maps that are similar to each other in the intermediate
feature maps calculated by default CNN, linear operations in the
Ghost convolution module can be used to generate Ghost feature
maps that consume less computing resources to replace redundant
feature maps.
Compared with traditional CNN, Ghost convolution module
takes three steps. First, obtaining intrinsic feature maps with fewer
channels using traditional convolution calculations. Sencondly, generating Ghost feature maps by linear operations on intrinsic feature
maps. Last but not least, concatenate the intrinsic and Ghost feature
maps together and combine them into a new output.
Specifically, we assume that the height, width, and channel of
the output feature map are H, W, and C respectively. The size of
the traditional convolution kernel is k*k. In addition, we assume
that the number of intrinsic feature maps is I and the number of
linear operations is O. So the number of output feature maps, N,
can be represented equation 1:

Researchers at home and abroad have also conducted preliminary
explorations and studies in the detection of gastric cancer-positive
lymph nodes using deep learning methods. In the field of magnetic
resonance imaging (MRI), Sofie De Vuysere et al. [19] explored the
precision of whole-body diffusion weighted magnetic resonance
imaging in the diagnosis of gastric cancer and the judgment of
positive lymph nodes. In the field of CT imaging, Zhang et al. [20]
proposed an automatic detection method for CT positive lymph
nodes enhanced by the upper abdomen based on fast-RCNN; Wang
et al. [21] studied the role of CT radionics in the preoperative
prediction of gastric cancer lymph node metastasis; Not only that,
Zhang et al. [22] proposed a multitask learning network for gastric
tumor segmentation and lymph node classification on CT images.
In the field of pathological imaging, Wang et al. [23] measured the
ratio of tumor area to positive lymph node area in gastric cancer
lymph node pathological slices, thereby assisting pathologists in
detecting positive lymph nodes.
According to the 8th edition of the TNM staging system of the
International Anti-Cancer Alliance and the American Cancer Federation [24], the N staging in the TNM staging of gastric cancer
pathology is mainly divided into N0: no regional lymph node metastasis; N1: 1 to 2 regional lymph nodes have metastasis; N2: 3 to 6
regional lymph nodes have metastasis; N3: 7 to more than 7 regional
lymph nodes have metastasis. From the survey, it can be found that
many researchers use CT images to detect gastric cancer-positive
lymph nodes; and how to accurately detect gastric cancer-positive
lymph nodes on pathological images, there is still much room for
exploration and experimentation.

3

N = IO

(1)

In fact, the Ghost module has an identity map and (O-1) linear
operations. The convolution kernel of the linear operations is a*a.
Therefore, comparing the amount of calculation consumed by the
traditional convolution and the amount of calculation consumed
by the Ghost convolution module, the speedup ratio of the Ghost
convolution module is:

METHODS

N ∗ H ∗W ∗C ∗ k ∗ k
C ∗k ∗k ∗O
R= N
=
N
C
∗
k
∗
k + (O − 1) ∗ a
O ∗ H ∗ W ∗ C ∗ k ∗ k + O (O − 1) ∗ H ∗ W ∗ a ∗ a
(2)
Where k is numerically similar to a, and O is much less than C.
Therefore, we studied Ghost-yolo5, a yoloV5 model based on
Ghost module, and found that it can use fewer parameters (params)
and less floating-point operations (GFLOPs) to achieve higher detection accuracy, the network architecture of Ghost-yolo5 shown
on Figure 2. Figure 3 compares the parameters and floating-point
calculations of the variations of different sizes of yolo5 network
and the Ghost-yolo5 network.
The lymph node detection network we proposed is divided into
three parts:

Based on pathological WSIs, we constructed a classification framework for gastric cancer lymph node metastasis detection. The overall framework is shown in Figure 1. This framework can give the
number of positive lymph nodes of each lymph node pathological
WSIs, which is helpful for the judgment of the patient’s pathological N staging. The specific detection network and classification
network used will be described in detail in the following content.

3.1

ICBSP ’21, October 29–31, 2021, Xiamen, China

Lymph node detection network

In the pathological WSIs of lymph node, each lymph node is of
a different size and shape. How to quickly and accurately detect
the lymph node in each WSI is a topic that we need to explore. To
this end, we chose the yoloV5 network for lymph node detection,
mainly based on several advantages of this network: First of all, the
model training and detection speed are fast. It directly extracts features from all pixels of the entire picture to obtain the coordinates
of the bounding box, and combines a series of training tricks to
achieve a higher running speed and accuracy. Secondly, the operating environment of yoloV5 is easy to configure. Moreover, yoloV5
has strong flexibility and small model parameters, which has great
advantages in the rapid deployment of models. Furthermore, if
we plan to deploy the detection network to mobile or embedded

• Downsample WSIs. The original lymph node WSIs are downsampled using the Openslide tool, and we select the fourth
resolution size obtained by downsampling in 403 WSI as our
input image.
• Input the data marked by the pathologist on the downsampled image into the Ghost-yolo5 detection network for
training.
• Feed in the test images, count the number of lymph nodes
detected by the network and record the coordinates of the
upper left corner and lower right corner of each lymph node
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Figure 1: The general flow chart of the positive lymph node detection framework.
b=

detection box, in preparation of the subsequent lymph node
classification network.

3.2

In this study, due to the limited gastric cancer lymph node data
set, we proposed a data augmentation method based on HSV and
CIELAB color space transformation to expand the lymph node data
set. In addition, based on the idea of transfer learning, we use the
pre-trained weights to assist the classifier of this task to better
extract image features.
3.2.1 Data Augmentation. The data augmentation method proposed in this paper is mainly aimed at the problems of staining
differences and section contamination in pathological images. The
images used in the classification network are 2048x2048 tiles cut
from WSIs.
First, to overcome the staining inconsistency of histological
slides, we converted the digital pathology image from the RGB
color space to the HSV color space, and calculated the average hue
of all the small tiles in the data set by linear operation on the H
channel.
Second, for slices with impurities and stains, we convert the
slices from RGB color space to CIELAB color space, and separate
the three channels of L, a, and b. In each slice, for the L luminance
channel, take the average luminance mL of all small slices in the
data set as the L channel value of a single slice. For the color balance
channels a and b, the following two linear equations are used to
change the channel values.
L
−A
mL

(4)

For a channel, Equation 1 divides the value of the L channel
by the average value mL of the L channel and subtracts the initial
value A of a channel. For channel b, Equation 2 divides the value
of channel a by the average value mA of channel a and adds the
initial value B of channel b.
The left half of Figure 4 shows the data of RGB color space and
HSV color space. It can be seen that the color difference of the
original image is large and the color depth is different, and the
image converted to HSV and tone equalization can reduce the color
difference of the original image to a certain extent.
The right half of Figure 4 shows the data of RGB color space
and CIELAB color space. It can be seen that the original image
contains many black impurities, and the image converted to CIELAB
space and channel operation can better weaken the color of black
impurities.
In general, the data augmentation method we proposed utilizes
simple color space conversion and channel linear operation, to a
certain extent, improves the problem of uneven staining of slices
contains more impurities, and lays a good foundation for the following classification network.

Lymph node benign and malignant
classification network

a=

A
+B
mA

3.2.2 Lymph node benign and malignant classification network. In
this task, a method based on deep transfer learning is used to classify
pathological images of benign and malignant lymph nodes. The
parameters of a network model that has been trained on a large
data set can be transferred to a model for similar tasks [26]. Based
on the pre-trained model, deep transfer learning is used in the
field of histopathology image analysis, and has demonstrated high
performance in many tasks [27]. Therefore, we chose Resnet101 and

(3)
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Figure 2: The network architecture of Ghost-yolo5 used in lymph node detection. “GhostConv” is Ghost convolution module.
network, and maps the coordinates of each lymph node back to the
original pathological image according to the lymph node location
information. Next, we cut each lymph node area in the WSIs into
2048x2048 tiles for input into the patch-level classification network.
In addition, the data augmentation method proposed above is
used to expand the classification data set, as shown in Figure 5b.
The classification network will not only output the benign and malignant judgments of each tiles, but also the benign and malignant
of each lymph node according to the following rules: as long as one
patch is cancer, the whole lymph node will be judged as positive; if
all patches of each lymph node are cancer-free, it will be negative.
Last but not least, the number of positive lymph nodes in each
pathological image will be counted, and the corresponding visual
heat map will be generated to assist the pathologist in diagnosis, as
shown in Figure 5c and 5d.

Figure 3: Statistics of the parameters and the GFOPs of different models.

applied transfer to complete the classification task. The architecture
of Resnet101 is shown in the left half of the Figure 5
Specifically, as shown in Figure 5a, our classification network
first obtains the lymph node location information from the detection

4 EXPERIMENT AND RESULTS
4.1 Detection task

Figure 4: On the left, the first row is the images after the RGB image is converted to the HSV space for tone equalization, and
the second is the original RGB color space images. On the right, the first row is the result images obtained after converting
the RGB image to the CIELAB color space and performing linear operations on each channel, respectively; the second is the
original blurred and contaminated RGB images.
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Figure 5: The left-hand side of the figure is the network architecture of Resnet101; on the right is the detailed flow chart of the
lymph node benign and malignant classification network. On a, node location information was obtained from the detection
network and the coordinates of each node were mapped back to the original pathological image based on the node location
information; on b, the detected original lymph node area was sliced into tiles and data enhancement was performed; on c,
the classification network trains the tiles and generates the probability of good or bad for each tile; on d, Heat maps will be
generated to visualize the classification results.
4.1.1 Dataset. In this study, we collected a total number of 403
WSIs of gastric cancer lymph nodes for the construction of a lymph
node detection network. Specifically, first, we select the fourth
resolution size obtained by downsampling in 403 WSI as our input
image. Then we distribute the training, validation, and test set at a
ratio of 8:1:1.

According to the data in Table 1, it can be found that the Ghostyolo5 model after adding the Ghost module has improved compared to the original yolo5. Experiments have proved that adding
the Ghost module to the backbone can reduce the number of parameters while enabling the network to achieve higher detection
performance.
In the detection network, the recall rate is the index we focus
on, which directly reflects whether the network can to detect all
lymph nodes. Taking into account the mAP and recall values, Ghostyolo5X has the best comprehensive performance, so we choose it as
the model for the lymph node detection network. The performance
of detection networks in mAP@.5 and recall is as shown in the
scatter diagram in Figure 6b.

4.1.2 Implementation Details. In the data preprocessing stage, we
use Mixup [28] and Mosaic [29] methods for data augmentation.
From the experimental results, we find that using these two data
augmentation methods alone can improve the detection accuracy
of the detection network to a certain extent, but using these two
methods for data augmentation at the
same time can produce negative effects, as shown in Figure 6a.
Therefore, in subsequent comparative experiments, we only use
mosaic in the data augmentation part.
During training, we set the initial learning rate is 0.01. The momentum and weight decay are set as 0.935 and 0.0005, respectively.
All comparison experiments use a single Nvidia RTX 2080 TI GPU
for training. We use yolo models with different depths and widths
increase from yolo5s, yolo5m, yolo5l, and yolo5x for training. In
addition, we also chose the classic models from the yolo3 series for
comparison.

4.2

Classification task

4.2.1 Dataset. In this task, 31 WSIs of gastric cancer lymph nodes
were cut into 3928 tiles of 2048x2048 for training and testing of
the classification network. Specifically, we distribute the training
set, validation set, and test set in a ratio of 8:1:1. In other words,
3199 tiles are used to train the classification network, 357 tiles are
used to verify and adjust the parameters, and 372 tiles are left to
test the network performance.In the data preprocessing stage, we
convert the training data to HSV and CIELAB space, enhance its
color, texture, and other characteristic information.
Moreover, we use Normalize, Resize, Random crop, Rotate, Translation, Flip, Gaussian Blur, ColorJitter, HEDJitter, Random erasing
and other methods for data augmentation. Meanwhile, it is worth
mentioning that the Cutout and Mixup data augmentation methods
we use have improved the accuracy of our classifiers by nearly 0.5%
respectively. The experimental results are shown in Table 2

4.1.3 Metrics and results. For the detection model, we calculate
precision (P) and recall (R) to measure the performance of the
model. Specifically, precision measures the accuracy of the model;
recall measures whether the model’s detection is comprehensive.
Generally, the area under the P-R curve is called AP, and mAP is
the mean value of AP of all categories often used to measure the
performance of the model.
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Figure 6: a is experimental results using different data augmentation methods; b is the scatter diagram of Reall and the mAP@.5
with different backbone used in detection network.
Table 1: The experimental results of lymph nodes detection network
Model
yolo3
yolo3tiny
yolo3spp
yolo5s
GHOSTyolo5s
yolo5m
GHOSTyolo5m
yolo5l
GHOSTyolo5l
yolo5x
GHOSTyolo5x

0.892
0.891
0.927
0.926
0.95
0.937
0.941
0.921
0.955
0.89
0.953

mAP@.5:.95

P

R

0.752
0.641
0.7
0.766
0.731
0.786
0.745
0.755
0.746
0.734
0.767

0.885
0.86
0.87
0.933
0.928
0.956
0.908
0.862
0.908
0.85
0.916

0.868
0.853
0.934
0.834
0.934
0.867
0.914
0.914
0.921
0.861
0.94

Table 2: Ablation studies of data augmentation methods
Method

Acc

Dataset
Dataset+CIELAB
Dataset+HSV
Dataset+CIELAB+HSV
Dataset+Cutout
Dataset+Mixup
Dataset+Cutout+Mixup

89.61%
90.00%
91.18%
91.67%
91.77%
92.41%
93.15%

4.2.2 Implementation Details. In the training phase, we used
Alexnet, VGG19, moblienetV2, Resnet50, Resnet101, Resnet121,
Densenet121, and Densnet201 for comparative experiments. The
data of the training set and the validation set are randomly
selected in proportion, and we use cross-entropy loss for training.
At the same time, we used stochastic gradient descent (SGD) and a
three-stage learning rate optimization strategy for 300 iterations
in each epoch, and the initial learning rate was set to 0.001. We
calculate Acc, precision (P), sensitivity (Recall), and specificity to

measure the performance of the model. The specific experimental
results are shown in Table 3
4.2.3 Results. According to the data in Table 3, it can be found that
the Resnet series model and the Densenet series model perform
better in the task of identifying benign and malignant lymph nodes.
In the lymph node benign and malignant classification network,
the precision rate is an indicator we pay attention to, which reflects
whether the classification model can better distinguish between
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Table 3: The results of different model used in classification network
Model

Acc

precision

sensitivity

Specificity

Alexnet
VGG19
MobilenetV2
Resnet50
Resnet101
Resnet152
Densenet121
Densenet161
Densenet201

86.29%
91.13%
91.94%
93.28%
95.70%
93.55%
94.62%
95.70%
93.55%

0.8
0.9
0.936
0.944
0.953
0.916
0.923
0.936
0.958

0.88
0.88
0.862
0.888
0.941
0.924
0.947
0.96
0.934

0.844
0.931
0.958
0.963
0.968
0.94
0.945
0.954
0.936

lymph node detection framework is 0.936, the sensitivity is 0.742,
and the recall rate is 0.962. The prognosis for gastric cancer is poor,
and the consequences of missed diagnosis are serious. Therefore,
we hope to find all positive lymph nodes in the patient’s lymph node
slices as much as possible. In this way, our detection framework can
provide pathologists with suspected positive lymph nodes through
heat maps for auxiliary diagnosis, and try to avoid omissions.

5

In this paper, we propose a new positive lymph node detection
framework consisting of a lymph node network and a benign and
malignant lymph node classification network. Through the lightweight Ghost-yolo5x detection network, we can capture the number
of all lymph nodes on the WSI. Furthermore, we use Resnet101 to
judge the benign and malignant lymph nodes detected. Not only
can the detection network and the classification network achieve
high accuracy, but the overall framework also performs well on the
independent case-based test set. More importantly, the framework
we propose can assist pathologists in diagnosing the N staging of
gastric cancer patients, thus reducing the workload of pathologists.
In our future work, we will explore the applicability of the proposed
detection framework to other cancer-positive lymph nodes, and try
to form a complete N staging auxiliary diagnosis system for gastric
cancer that can be used by pathologists.

Figure 7: Bubble graph. The abscissa is the accuracy rate, the
ordinate is the precision rate, and the size of the bubble is the
value of the recall rate.

cancerous and non-cancer sections. Combining the results of the
three indicators, a bubble graph is drawn as shown in Figure 7. It
can be seen from the Figure 7 that the size of each bubble has little
difference, and the more the bubble goes to the upper right corner,
the better the model performance. Densenet201 has the highest
precision rate, but the accuracy rate is lacking; Densenet121 has a
higher accuracy rate, but the precision rate ranks fourth from the
bottom.
Both Resnet101 and Densenet161 have reached a high accuracy
rate, indicating that the overall prediction effect of the two models
is better. However, Resnet101 has a higher precision rate. Therefore,
we believe that Resnet101 performs best in this task. It was selected
as the model used in our lymph node benign and malignant classification network. The confusion matrix of Resnet101 is shown in
Figure 8a. In addition, we use grad-CAM to visualize the regions in
the slice. As shown in Figure 8b, for cancer tiles, the network can
extract features well and project the attention to abnormal areas.

4.3

CONCLUSION
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ABSTRACT

1

The Covid-19 pandemic has caused more then 193 million cases
and 4.1 million deaths worldwide as of July 2021. The Fleischner Society reported that Computerized Tomography (CT) is a useful tool
for the early identification of Covid-19. Covid-19 disease induces
lung changes which can be observed in lung CT predominantly as
ground-glass opacification (GGO) and occasional consolidation in
the peripheries. Moreover, it was reported that the percentage of
lung showing disease correlates with the severity of the disease.
Therefore, segmentation of the disease areas in CT images is a
logical first step to quantify disease severity. In this paper, we propose ‘CoviSegNet Enhanced’ based on a U-Net with an 813-layer
EfficientNetB7 encoder having an attention mechanism to segment
the Covid-19 disease area observed in CT images of Covid-19 patients. CoviSegNet Enhanced is an improvement of our previous
work ‘CoviSegNet’. The experiments performed on three public CT
datasets and a detailed comparison with recently published work
confirms that the proposed CoviNet Enhanced using deep learning
approaches is highly effective for Covid-19 segmentation.

The Covid-19 is a highly contagious and virulent disease caused by
the Severe Acute Respiratory Syndrome - CoronaVirus – 2 (SARSCoV-2). Over 193 million cases and 4.1 million deaths were reported worldwide as of July 27, 2021 [1]. The Fleischner Society
reported that Computerized Tomography (CT) can be utilized for
the early classification of Covid-19 [2]. Covid-19 disease induces
lung changes which can be observed in lung CT predominantly as
ground-glass opacification (GGO) with occasional consolidation in
the peripheries. The percentage of disease areas (GGOs and consolidations) on the CT correlates with the severity of the disease [3].
Therefore, segmentation of CT images to delineate the disease areas
is a logical first step to quantify disease severity, which will help
physicians to manage, treat, and prognosticate Covid-19 patients
[4].
In this paper, we propose ‘CoviSegNet Enhanced’, which is an
improvement of our previous work [5]. The proposed CoviSegNet Enhanced comprises a U-Net [7] modified with an 813-layer
EfficientNetB7 encoder from EfficientNets [8] having spatial and
channel attention, and Nadam optimizer [9] to segment Covid-19
disease-affected areas observed in the lung CT of Covid-19 positive
patients. The experimental results show the proposed methods are
highly effective for Covid-19 detection and segmentation.
The main contributions of this work are as follows:

CCS CONCEPTS
• Computing methodologies; • Machine learning; • Machine
learning approaches; • Neural networks;

INTRODUCTION

• The proposed CoviSegNet Enhanced is a novel approach for
segmenting Covid-19 disease areas by making the following
improvements to our previous work [5]:
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EfficientNetB7, an ImageNet pre-trained encoder is used to learn
efficiently by reducing computational and model complexity; and
Nadam optimizer is used to overcome the exploding gradients
problem.
• Dice Score and Jaccard Index / Intersection over Union (IoU)
of CoviSegNet Enhanced for Covid-19 segmentation are
higher than those of recently published work including our
previous work [5].
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The remainder of this paper is organized as follows. Section 2
summarizes the related work for segmenting Covid-19 disease areas
in lung CT. Section 3 describes the proposed CoviSegNet Enhanced
and its architecture. Section 4 discusses the datasets, experimental setup, results, and comparison of CoviSegNet Enhanced with
other recently published work. Finally, Section 5 presents some
concluding remarks.
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2

RELATED WORK

In our previous work [5], we developed a method called CoviSegNet for Covid-19 disease area segmentation. CoviSegNet has
DenseNet169 [6], which is an ImageNet pre-trained encoder, which
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serves to learn the hierarchical features. Supervised learning from
scratch is used for the decoder block. There are skip connections
between the encoder and the decoder, and spatial and channel attention modules are followed by the softmax layer. The resulting
output of pixel-wise predicted probability is median filtered (3x3)
and thresholded via adaptive thresholding to get the final predicted
binary mask, in which white and black pixels are indicating Covid19 disease-affected and non-disease areas respectively.
Our previous work [5] consists of the following six steps: (1)
First, the encoder is implemented with ImageNet pre-trained
DenseNet169 [6] which serves to learn the hierarchical features. (2)
The decoder block follows, and there are skip connections between
the encoder and the decoder. (3) Thereafter, spatial and channel
attention modules are applied, so that the model can learn to focus on the region of interest. (4) Next, transfer learning is applied
with the weights kept frozen for the encoder blocks, and weights
unfrozen for the decoder blocks, the skip connections, and the attention modules. (5) Then, the pixel-wise predicted mask is generated
for the whole image with each pixel outputting the probability
of being the Covid-19 disease-affected area. (6) Subsequently, we
apply a 3x3 median filter followed by adaptive thresholding to get
the finalized segmentation as the predicted binary mask, in which
white and black pixels are indicating Covid-19 disease-affected and
non-disease areas respectively.
Amyar et al. [10] proposed a multitask deep learning model to
jointly identify COVID-19 patients and segment COVID-19 lesions
from chest CT images. Three learning tasks: segmentation, classification, and reconstruction were jointly performed with different
datasets. One common encoder, two decoders, and a multi-layer
perceptron were used for these three tasks. Saeedizadeh et al. [11]
proposed TV-UNet, which is a U-Net-based model, to detect GGO
regions at a pixel level. In this model, 2D-anisotropic total variation
was added to the binary-cross entropy loss function which serves
as the regularization term to promote connectivity of the segmentation map for Covid-19 pixels. Goncharov et al. [12] proposed 2D and
3D U-Net models for segmentation of Covid-19 disease areas including the consolidations and ground-glass opacities on CT imaging
data. Zhou et al. [13] proposed the UNet++, which is a nested U-Net
architecture for Covid-19 segmentation. The encoder and decoder
sub-networks are connected through a series of nested, dense skip
pathways which reduce the semantic gap between the feature maps
of the encoder and the decoder sub-networks. Nodule segmentation
in the low-dose CT scans of the chest, nuclei segmentation in the
microscopy images, liver segmentation in abdominal CT scans, and
polyp segmentation in colonoscopy videos were evaluated. Fan et al.
[14] proposed an automatic deep network for segmentation called
Inf-Net. First, a parallel partial decoder was used to aggregate the
high-level features and generate a global map. Then, the implicit
reverse attention and explicit edge attention-based semi-supervised
segmentation are done with a randomly selected propagation strategy. Safarov et al.’s [15] research is on colonoscopy. They created a
U-Net++ with 164-layer DenseNet with attention for segmenting
polyps from two public colonoscopy datasets, Kvasir-SEG [16] and
CVC-612 [17], with physician-annotated binary masks for 1000 and
612 polyp images, respectively.

METHODOLOGY

In this section, we describe the architecture and implementation
details of the proposed CoviSegNet Enhanced.

3.1

The architecture of Proposed CoviSegNet
Enhanced

The architecture of CoviSegNet Enhanced based on U-Net architecture [7] is shown in Figure 1. It comprises an encoder (downsampling), a decoder (upsampling), skip connections between the
encoder and decoder layers, spatial and channel attention, and
Nadam optimizer [9]. For the encoder, we use the efficient and very
deep 813-layer EfficientNetB7 encoder from EfficientNets [8], which
uses a simple, effective, and time-efficient compound scaling for all
the dimensions of network width, depth, and resolution with a stable constant coefficient. For efficient learning, it is critical to balance
all dimensions of network width, depth, and resolution because the
number of FLOPS (floating-point operations per second) in a deep
convolutional network is proportional to the network depth, network width-squared, and input image’s resolution-squared. There
are seven variants (B0 to B7) of this model; each successively higher
model from B0 to B7 is more complex with higher parameter and
layer count. We chose the EfficientNetB7 since it achieved the highest performance.
Figure 2 shows the architecture of the EfficientNetB7, which
comprises blocks 1 through 7 with Module 1, Module 2, Module
3, and additive attention mechanism. In Figure 3, module 1 is the
convolution, batch norm, and relu function that works on input data.
Module 2 comprises the convolution, batch norm, relu function,
zero padding, convolution, batch norm, and relu function. Module
3 is the pooling operation, followed by the compound scaling for
efficient training, and two convolutional layers.
The decoder performs the upsampling and has the layers in reverse order than the encoder, with the pooling layers replaced by the
inverse-pooling layers which serve to increase the length and width
by a factor of two. There are skip connections that connect each
pooling layer in the encoder with the corresponding decoder layer
of the same depth. Spatial attention computes the attention mask
on the feature maps of a single CT slice to enhance the learning in
the regions of interest that define Covid-19. The channel attention
provides a weight for each channel, and enhances the channels
that contribute toward learning to distinguish between Covid-19
positive and negative. Nadam optimizer updates the gradients with
a momentum via backpropagation, and each successive iteration
minimizes the binary cross-entropy loss function. This optimizer
uses Nesterov Accelerated Gradient (NAG) Momentum method
which enables faster convergence by applying acceleration to the
parameters before computing the gradients, which overcomes the
exploding gradients problem [9]. In summary, the width, depth,
and resolution balancing of EfficientNetB7 network and Nadam
optimizer help to reduce the computational and model complexity
to enable fast training with good performance.

3.2

Implementation of Proposed CoviSegNet
Enhanced

We now discuss the implementation details of CoviSegNet Enhanced. The various libraries including NumPy, glob, tensorflow,
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Figure 1: The architecture of CoviSegNet Enhanced for Segmentation of Covid-19 disease areas (in white).

Figure 2: The architecture of EfficientNetB7.

Figure 3: Component modules of EfficientNetB7: (a) Module 1, (b) Module 2, and (c) Module 3
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Table 1: Dataset Details for MedSeg [21], MosMed [22] and SemiSeg [23].
Dataset

Train

Validation

Test

Total

MedSeg [21]
MosMed [22]
SemiSeg [23]

37 patients, 342 slices
35 patients, 1,476 slices
62 patients, 1,190 slices

5 patients, 39 slices
5 patients, 164 slices
9 patients, 170 slices

10 patients, 69 slices
10 patients, 409 slices
17 patients, 340 slices

52 patients, 450 slices
50 patients, 2,049 slices
88 patients, 1,700 slices

and keras are imported [18–20] with pre-built functions for image
pre-processing, and building, training, and evaluating the deep networks. The image data for training, validation, and testing contain
multiple CT slices per patient. These image data with the physicianannotated binary masks are normalized to have pixel values in the
range (0, 255) and resized to 256-by-256. We then split the image
data into training, validation, and testing in the ratio of 68:12:20.
The two-dimensional CT images are then are fed to the network
slice-wise. The Image-Net weights of EfficientNetB7 are kept frozen
for all the layers. The ImageNet-trained EfficientNetB7 encoder
learns the features efficiently with the compound scaling for all
the dimensions of network width, depth, and resolution with a
stable constant coefficient . The encoder is followed by the decoder
which up-samples the data. Next, attention mechanisms in both
spatial and channel dimensions are applied by assigning attention
gates on each up-sampling level, in which we use three stacks
of up-sampling and down-sampling. The number of filters in the
convolutional layers varies from 64, 128, 256, 512, and 1024. These
attention gates use the decoded (or up-sampled) tensors as queries,
and the encoded (or down-sampled) tensors as keys. Next, additive
attention learning is used to get the self-attention values. The upsampled tensor is concatenated with the attention gate output. The
attention gate output is fed to the final softmax layer which outputs
the prediction probability of each pixel being a Covid-19 diseaseaffected area. Finally, the prediction probability map is median
filtered and adaptively thresholded to generate the binary predicted
mask.
We train the model iteratively up to 200 epochs via backpropagation, and stop the training only when the model binary crossentropy loss (between predictions and labels) does not reduce over
the next 5 epochs. The parameters of the Nadam optimizer are a
learning rate of 0.02, beta_1 of 0.9, beta_2 of 0.999, and epsilon
of 1x10-7 . Finally, we compare the binary predictions on the test
dataset with the physician-annotated masks to evaluate the model
performance using the Dice Score and Jaccard Index / Intersection
over the Union (IoU), which will be defined later in Section 4.
The machine used was Intel(R) Xeon(R) W-10885M CPU @
2.40GHz, 2400 MHz, 8 Core(s), 16 Logical Processor(s), NVIDIA
Quadro RTX 5000 with 128GB RAM.

4

in either training, validation, or test. There is no overlap at all in
between the train, validation and test sets. All the datasets have
the same resolution of 96 dpi but dufferent image sizes. SemiSeg
[23] has a lower size varying from 250×250 to 400×400 pixels, and
pixel value of 8 bit. MosMed has images with size of 512×512 pixels,
and pixel value of 24 bit. MedSeg has images with size of 630×630
pixels, and pixel value of 24 bit.
The metrics for performance evaluation are the Dice Score and
the Jaccard Index / Intersection over Union (IoU) defined in Equation
1) and Equation 2) respectively.
Dice Score =

(1)

TP
Dice Score
=
(T P + F P + F N ) (2 − Dice Score)
(2)
where TP denotes the area of overlap between the Covid-19 positive
ground truth and Covid-19 positive predicted mask, TN denotes the
area which is Covid-19 negative on ground truth and is predicted
as Covid-19 negative also, FN denotes the area of Covid-19 positive
ground truth which was missed in the predicted mask, and FP
denotes the area of Covid-19 positive predicted mask which does
not overlap with the ground truth.
Jaccard Index / IoU =

4.2

Comparison of CoviSegNet Enhanced with
the related work

In this section, we assess the effectiveness of the proposed CoviSegNet Enhanced in segmenting the Covid-19 disease areas. We
compare the Dice Score and Jaccard Index / IoU of the proposed
method to those of recently published works that also utilize the
same dataset for a fair comparison.
4.2.1 Dataset 1 – MedSeg [21]: As shown in Table 2, on MedSeg
[21] the proposed CoviSegNet Enhanced achieved the highest reported Dice score of 98.4%, and Jaccard Index / IoU of 96.9% among
the recently published work including our previous work [5].
*Note that Multitask [10], and TV-UNet [11] results are just being
reported here as are from their published work since they used the
same MedSeg [21]. We implemented Safarov et al.’s model [15] on
the MedSeg [21] to ensure a fair comparison with the proposed
CoviSegNet Enhanced.

EXPERIMENTS AND RESULTS

In this section, we discuss the datasets, the performance metrics,
the various experiments conducted, and the experimental results
and their analyses.

4.1

2 ×TP
((T P + F P) + (T P + F N ))

4.2.2 Dataset 2 – MosMed [22]: As shown in Table 3, on MosMed
[22], our proposed CoviSegNet Enhanced achieved the highest
reported Dice Score of 92.9% and Jaccard Index / IoU of 86.7% which
are higher than those of Goncharov et al’s [12] and our previous
CoviSegNet [5].

Datasets and Metrics

The datasets used for the experiments are summarized in Table 1.
The image data were split such that a given patient’s CT data were
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Table 2: Performance Comparison of CoviSegNet Enhanced with Others on MedSeg [21].
Model

Dice Score

Jaccard Index / IoU

Multitask [10]*
TV-UNet [11]*
Safarov et al. [15]
CoviSegNet [5]
CoviSegNet Enhanced (Proposed)

88.0%
76.4%
93.5%
93.2%
98.4%

78.6%
61.8%
87.8%
87.3%
96.9%

Table 3: Performance Comparison of CoviSegNet Enhanced with Others on MosMed [22].
Model

Dice Score

Jaccard Index / IoU

Goncharov et al. 3D U-Net [12]*
CoviSegNet [5]
CoviSegNet Enhanced (Proposed)

65.0%
91.5%
92.9%

48.1%
84.3%
86.7%

Table 4: Performance Comparison of CoviSegNet Enhanced with Others on SemiSeg [23].
Model

Dice Score

Jaccard Index / IoU

U-Net++ [13]*
Inf-Net [14]*
Semi-Inf-Net [14]*
Semi-Inf-Net +FCN8s [14]*
TV-UNet [11]*
CoviSegNet [5]
CoviSegNet Enhanced (The proposed)

51.8%
68.2%
73.9%
47.4%
80.1%
82.3%
81.8%

35.0%
51.7%
58.6%
31.1%
68.8%
70.0%
69.2%

*Note that Goncharov et al.’s [12] results are just being reported
as are from their published work since they used the same MosMed
[22].
4.2.3 Dataset 3 – SemiSeg [23]: CoviSegNet Enhanced, CoviSegNet,
and TV-UNet [11] achieved similar accuracy on SemiSeg [23] in
terms of Dice Score and Jaccard Index / IoU as shown in Table 4.
The accuracies of most methods on SemiSeg [23] are lower than
other datasets. This is because the images in the SemiSeg [23] have
a lower size (<400 x 400; 8-bit pixel value) than MedSeg [21] and
MosMed [22], and we conclude that CoviSegNet Enhanced does
not work very well with low-quality data.
*Note that U-Net++ [13], Inf-Net [14], Semi-Inf-Net [14], SemiInf-Net +FCN8s [14], and TV-UNet [11] results are just being reported as are from their published work since they used the same
SemiSeg [23].
The testing time was approximately 1 second on all three datasets.
The training time was 7 hours 27 minutes on MedSeg [21], 11 hours
and 29 minutes on MosMed [22] and 6 hours 10 minutes on SemiSeg
[23].

4.3

Figure 4: Segmentation Results: (a) CT image, (b) CoviSegNet Prediction [5], (c) CoviSegNet Enhanced Prediction, (d)
Ground Truth mask with positive class (GGOs and consolidation) in black.

Segmentation Results: CoviSegNet
Enhanced versus CoviSegNet [5]

The predicted Segmentation results from CoviSegNet and CoviSegNet Enhanced on some images of the test data from the different

datasets from Table 1 are shown along with the CT image and its
corresponding ground-truth in Figure 4
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Table 5: Performance of CoviSegNet Enhanced with different encoders on MedSeg [21]

ACKNOWLEDGMENTS

Encoder

Dice Score

Jaccard Index / IoU

We thank Dr. Suruchi Chopra from the Department of Radiology,
Fortis Escorts Hospital, Amritsar, India for her valuable insights
and contributions.

EfficientNetB7
VGG16

98.4%
94.1%

96.9%
88.8%

REFERENCES

4.4

[1] World Health Organization, “Weekly epidemiological update on Covid-19 – 25
July 2021,” Jul. 2021.
[2] Rubin GD, Ryerson CJ, Haramati LB, Sverzellati N, Kanne JP, Raoof S, et al. The
Role of Chest Imaging in Patient Management during the COVID-19 Pandemic:
A Multinational Consensus Statement from the Fleischner Society. Radiology
2020 Jul;296 (1):172-180.
[3] The Radiology Assistant: An educational site of the Radiological Society of
the Netherlands, https://radiologyassistant.nl/chest/covid-19/covid19-imagingfindings
[4] Cai, W., Liu, T., Xue, X., Luo, G., Wang, X., Shen, Y., Fang, Q., Sheng, J., Chen, F., &
Liang, T. (2020). CT Quantification and Machine-learning Models for Assessment
of Disease Severity and Prognosis of Covid-19 Patients. Academic Radiology,
27(12), 1665–1678.
[5] Mittal B., Oh J., (2021). CoviSegNet - Covid-19 Disease Area Segmentation using
Machine Learning Analyses for Lung Imaging, Twelfth International Symposium
on Image and Signal Processing and Analysis (ISPA 2021), 13-15 September 2021,
Zagreb, Croatia.
[6] Huang, G., Liu, Z., van der Maaten, L., & Weinberger, K. Q. (2017). Densely
Connected Convolutional Networks. 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR).
[7] Ronneberger, O., Fischer, P., & Brox, T. (2015). U-Net: Convolutional Networks
for Biomedical Image Segmentation. ArXiv:1505.04597.
[8] Tan, M., & Le, Q. (2019). EfficientNet: Rethinking Model Scaling for Convolutional
Neural Networks. International Conference on Machine Learning, 6105–6114.
[9] Dozat, T. (2016). “Incorporating Nesterov Momentum into Adam,” 6th International Conference on Learning Representations (ICLR 2016).
[10] Amyar, A., Modzelewski, R., Li, H., & Ruan, S. (2020). Multi-task deep learning
based CT imaging analysis for Covid-19 pneumonia: Classification and segmentation. Computers in Biology and Medicine, 126, 104037.
[11] Saeedizadeh, N., Minaee, S., Kafieh, R., Yazdani, S., & Sonka, M. (2020). Covid
TV-UNet: Segmenting Covid-19 Chest CT Images Using Connectivity Imposed
U-Net. ArXiv:2007.12303.
[12] Goncharov, M., Pisov, M., Shevtsov, A., Shirokikh, B., Kurmukov, A., Blokhin, I.,
Chernina, V., Solovev, A., Gombolevskiy, V., Morozov, S., & Belyaev, M. (2021).
CT-based Covid-19 Triage: Deep Multitask Learning Improves Joint Identification
and Severity Quantification. Medical Image Analysis, 102054.
[13] Zhou, Z., Siddiquee, M. M. R., Tajbakhsh, N., & Liang, J. (2018). UNet++: A Nested
U-Net Architecture for Medical Image Segmentation. Deep Learning in Medical
Image Analysis and Multimodal Learning for Clinical Decision Support: 4th
International Workshop, DLMIA 2018, and 8th International Workshop, ML-CDS
2018, Held in Conjunction with MICCAI 2018, Granada, Spain, S, 11045, 3–11.
[14] Fan, D.-P., Zhou, T., Ji, G.-P., Zhou, Y., Chen, G., Fu, H., Shen, J., & Shao, L. (2020).
Inf-Net: Automatic Covid-19 Lung Infection Segmentation From CT Images,
IEEE Transactions on Medical Imaging, vol. 39, no. 8, pp. 2626–2637, Aug. 2020,
number: 8.
[15] Safarov, S., & Whangbo, T. K. (2021). A-DenseUNet: Adaptive Densely Connected
UNet for Polyp Segmentation in Colonoscopy Images with Atrous Convolution.
Sensors, 21(4), 1441.
[16] Jha, D., Smedsrud, P.H., Riegler, M., Halvorsen, P., de Lange, T., Johansen, D.,
Johansen, H. (2020). Kvasir-seg: A segmented polyp dataset. In Proceedings of
the International Conference on Multimedia Modeling. 2020. Available online:
https://datasets.simula.no/kvasir-seg/ (accessed on 10 February 2021).
[17] Bernal, J.; Sanchez, F.J.; Fernandez-Esparrach, G.; Gil, D.; Rodrıguez, C.; Vilarino,
F. Wm-dova maps for accurate polyp highlighting in colonoscopy: Validation vs.
saliency maps from physicians. Comput. Med Imaging Graph. 2015, 43, 99–111.
[18] Harris, C. R., Millman, K. J., van der Walt, Stéfan J, Gommers, R., Virtanen, P.,
Cournapeau, D., Wieser, E., Taylor, J., Berg, S., Smith, N. J., Kern, R., Picus, M.,
Hoyer, S., van Kerkwijk, M. H., Brett, M., Haldane, A., Del Río, J. F., Wiebe, M.,
Peterson, P., . . . Oliphant, T. E. (2020). Array programming with NumPy. Nature
(London), 585(7825), 357-362.
[19] Glob: A python library, https://docs.python.org/2/library/glob.html

CoviSegNet Enhanced with and without the
original encoder

The performance comparison of CoviSegNet Enhanced on MedSeg
[21] with different encoders is shown in Table 5. These are EfficientNetB7 ImageNet pre-trained encoder, and VGG16 ImageNet
pre-trained encoder [24]. Both models compared in Table 5 used
spatial and channel attention to learn from the sparse data efficiently and effectively. CoviSegNet Enhanced with EfficientNetB7
shows a better Dice Score and IoU than the VGG16 does. This is
because the EfficientNetB7 can be trained better and faster due
to compound re-scaling of all three dimensions including width,
depth, and resolution. This enables the proposed model to be robust
and not overfit even with the relatively small datasets available in
this research.

4.5

CoviSegNet Enhanced With and Without
Attention

We evaluate CoviSegNet Enhanced on MedSeg [21] for two scenarios: “With Attention” i.e., with spatial and channel attention,
and “Without Attention” i.e., without spatial and channel attention mechanisms. For the “Without Attention” scenario, only the
attention was removed, and everything else including the encoders
remained unchanged. Table 6 shows the performance of CoviSegNet
Enhanced on MedSeg [21] with and without Attention. CoviSegNet
Enhanced exhibits a much higher Dice Score and Jaccard Index /
IoU with attention.

5

CONCLUDING REMARKS

The proposed CoviSegNet Enhanced using deep-learning-based approaches produced successful results with a very good Dice Score
and Jaccard Index / IoU in comparison with the recent studies including our previous work [5]. For future work, performance can
be further increased by leveraging semi-supervised learning methods since we have relatively small datasets. Also, severity scoring
techniques which are based on a percentage of lung involvement
in each of five lung lobes in CT volumes are needed to follow the
medical guidelines [3], and such techniques can be expanded to all
lung diseases.

Table 6: Performance of CoviSegNet Enhanced with and without attention on MedSeg [21].
Model

Dice Score

Jaccard Index / IoU

CoviSegNet Enhanced With Attention
CoviSegNet Enhanced Without Attention

98.4%
71.8%

96.9%
56.0%
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ABSTRACT

CCS CONCEPTS

Emotion plays an essential role in human health and daily life.
Estimating emotions in a brain-level dynamic approach helps to
understand the underlying neural mechanism, deepen emotion interpretation, and boost the development of affective computing
technology for practical application. EEG microstate analysis is a
powerful neurophysiological tool for dynamic EEG characterization,
covering both temporal and spatial information of brain activities.
In this paper, EEG microstate analysis is introduced for the dynamic
analysis of video-evoked emotions. A sequential clustering process
is proposed for validated and representative microstates detection
for emotion-related EEG dynamics characterization, and the underlying neural activation patterns under different emotion states are
explored. A study of emotion-related electrophysiological mechanisms is conducted for investigating the emotional perception and
processing in the brain responses. The results demonstrate that
EEG microstates extracted from the proposed sequential clustering are discriminative for dynamic emotion analysis. Besides, the
dynamically evoked emotions can be effectively described by the
activation patterns of EEG microstates, where an increased activation of MS2 and MS4 but decrease activation of MS3 are found
after emotion induction. Furthermore, distinct emotional-level effects for valence and arousal are observed, where MS4 activities
are negatively associated with valence level, and MS3 activities are
positively associated with arousal level. In all, our work validates
the possibility of applying EEG microstate analysis for emotionrelated neural mechanism investigation. It has also proved EEG
microstate analysis is a powerful tool for exploring spatial-temporal
brain changes through emotion perception.

• Theory and algorithms for application domains; • Human
computer interaction (HCI); • Life and medical sciences;
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INTRODUCTION

Emotion is a dynamic psychological reaction that plays a crucial
role in daily task manipulation, such as decision making, interaction,
perception, and mental health maintenance [1, 2]. However, due to
the nature of emotion complex and variability, there are still many
uncertainties about emotion mechanism [3]. Electroencephalography (EEG) is a non-invasive neural imaging technology with high
time resolution and fast data transmission and has been highly
recommended for emotion studying [4]. Captured the dynamic
changes of brain activities in response to emotional stimulation,
dynamic emotion-EEG analysis can serve as an efficient and reliable approach for brain-level mechanism exploration and real-time
emotion monitoring development [1, 4].
EEG microstate analysis has been recognized as a powerful neurophysiological tool for describing spatial-temporal changes in
brain electrophysiological states. EEG microstate analysis provides
insights into the spontaneous activation of global neuronal activity
by characterizing the synchronized distribution of electric potential
over the scalp in a millisecond time resolution. Moreover, simultaneous EEG-fMRI studies reveal a significant electrophysiological
association between EEG microstates and fMRI functional brain networks. Changing microstate activities functionally represent the activation of large-scale brain networks [5]. Notably, EEG microstate
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analysis overcomes the delayed effect and slow hemodynamics response in fMRI analysis [6]. Hence, EEG microstate analysis can
serve as an alternative method for monitoring spontaneous brain
activities and reflecting the functional state of large-scale neuronal
networks.
Compared to other traditional EEG analysis methods, EEG microstate analysis is more potential for dynamic emotion analysis,
which provides a global investigation on the momentary and functional state of brain activity from a joint spatial-temporal perspective. Focusing on the neural activity of emotions in terms of EEG
microstates, an investigation of emotion dynamics has been conducted. For example, Gianotti et al. [7] conducted emotion-evoked
microstate analysis on ERP data and found valence-associated microstates responded earlier than arousal-associated ones. Their
results explored the effectiveness of microstate-based dynamic emotion analysis. On the other hand, Shen et al. [8] explored the feasibility of using microstate features for emotion classification modeling.
Based on a set of public microstate templates, EEG microstate features were extracted for emotion classifier modeling. Their results
presented that EEG microstate analysis is an alternative method
for affective computing. However, due to the complexity and variability of emotions, how to extract representative microstates in a
data-driven manner for emotion-related brain activation patterns
representation is still an open issue to address.
In this research, a sequential spatial clustering is proposed for
representative EEG microstates extraction with an application to
emotion dynamics analysis. An optimal set of the most dominant
microstates is extracted from two-step clustering on a public EEGemotion database (DEAP [9], a Database for Emotion Analysis
using Physiological Signals) at a within-subject and cross-subject
manner, respectively. In such a data-driven process, the extracted
microstates perform well in describing emotion-related brain activities with good toleration of individual differences. Sequentially,
spontaneous brain activities under evoked emotions can be represented as changing sequences of microstate responses. The dynamic
changes of microstate activities are then measured as neural quantification of emotions. Emotion-evoking task effect and emotional
level effect on EEG microstate dynamics are explored, and brain
activity patterns under various emotional states are characterized.
Here, the emotion-evoking task effect measures microstate activity
differences between pre-stimulus and post-stimulus stages. Electrophysiological differences led by emotional state changes are considered. Besides, the emotional level effect detects the differences
between low-level and high-level emotional states from valence
and arousal dimensions, respectively. In summary, EEG microstate
analysis is introduced for dynamic emotion analysis. Our work
mainly focuses on exploring the pattern differences in microstate
activities during emotion triggering. It is expected to provide insights into emotion-related neural dynamics and investigate how
the human brain perceives emotions.

emotion triggering. Simultaneously, EEG data were collected by
the 32-electrode Biosemi ActiveTwo system at a sampling rate of
512 Hz. After each emotion-evoking task, self-assessment in terms
of a 9-point SAM scale was conducted for subjective ratings about
the evoked emotion states (as shown in Figure 1 ). In this study,
self-assessment ratings on valence (reflection on pleasantness) and
arousal (reflection on excitation) dimensions were adopted for emotional state quantification. Therefore, 1280 trials (32 subjects × 40
trials) of emotion-related EEG data were adopted to study the dynamic changes of brain activity triggered by continuous emotional
videos.

2.1

EEG Preprocessing

Data preprocessing is first performed to remove the unrelated artifacts (e.g., ocular movement, cardiac activity, muscular activity,
respiration) and enhance data quality for reliable results. A standard
EEG preprocessing procedure was carefully operated on every trial
of EEG recordings from the DEAP database. Step 1: a bandpass
filter in the frequency range of 1 - 45 Hz was applied for filtering
out unwanted artifacts, and a notch filter at 50 Hz was designed for
power line artifact removal. Step 2: noisy electrodes were manually
screened out and interpolated by the neighboring 3 electrodes. Step
3: a common average re-reference was implemented for zero-mean
random noise removal, where EEG data were then adjusted to a
reference-free potential distribution. Step 4: independent component analysis (ICA) was conducted for ocular artifact component
removals. Meanwhile, noisy components caused by body movement
or muscular activity were also manually identified and rejected. The
clean EEG signals were reconstructed from the remaining signal
components. Step 5: segmentation was finally applied to divide
preprocessed EEG data into three parts: 3s pre-stimulus data,
60s video-stimulated data, and 3s post-stimulus data for the
following analysis.

2.2

EEG Microstate Analysis

A standard EEG microstate analysis mainly includes microstate
template detection, microstate-based EEG re-representation,
and microstate feature extraction [10-12]. The detailed procedure is illustrated below in detail (as the flowchart shown in Figure
2).
Microstate template detection. Candidate EEG topographies
with high signal-to-noise are first extracted according to the calculated global field power (GFP) values. GFP measures the electric
potential distribution over the scalp at a specified sample point,
and the fluctuation of the GFP curve represents the corresponding
changes in brain activity [13], given as:
v
u
t
N
1 Õ
2
GFP =
(Vi (t) − V (t))
(1)
N i=1
where Vi (t) stands for the voltage of electrode i at the specified
sampling time t. V (t) is the average instantaneous field power
across global electrodes, and N is the electrode numbers. Previous
researches discovered that EEG topographies at the local maxima
of the GFP curve had high signal-to-noise and low global dissimilarity [14]. These topographies served as the candidate topographies for further microstate searching. A sequential clustering

2 METHODS
EEG Data
DEAP database is a publicly well-known physiological dataset for
emotion analysis [ 9 ]. Forty carefully selected music videos with a
fixed length of 1 min were randomly presented to 32 subjects for
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Figure 1: Experimental design of emotion-evoking in the DEAP database.
where V (t) is the potential topography at sampling time t, and Vc (t)
refers to the EEG microstate assigned to this time point. Corr(·)
represents the calculation of spatial correlation between two given
topographies. GFP(t) denotes as the global field power of EEG data
at a time point t. L is the total time points of EEG recordings. And
CV value is calculated as


N −1 2
CV = σ̂ 2 ·
(3)
N −1−k

method is proposed for subject-generalized microstate template
detection. Afterward, the original EEG data can be re-represented
into changing microstate sequences to capture the dynamic changes
of spontaneous brain activities. The detailed procedures of the proposed sequential clustering analysis are presented in 1 (refers to
the schematic flowchart in Figure 3).
Algorithm 1 Sequential Clustering Analysis Method
Input: segmented EEG data E(t, s, c)
Loop s j , c z in Subjects, Conditions
Loop ti in Trials
Extract candidate topographies from E(ti , s j , c z ), and store
in G(s j , c z )
End
detect optimal microstate templates from G(s j , c z ), and store in
T (s j , c z )
End
detect optimal microstate templates from T (s j , c z ), and store in
T emplate
Output: T emplate

where σ̂ 2 is the residual variance estimator [16] calculated as:
ÍL

V T (t )V (t )−(V T (t)V (t ))

2

c
σ̂ 2 = t
. Here, k stands for the number of
L(N −1)
microstate classes. Through a data-driven approach, the optimal
set of EEG microstates are detected as cluster centroids with fewer
topographical classes and higher explained variance (high GEV
and low CV values). The subject-specific microstate topographies
T (s j , c z ) are extracted from 40 trials. Subsequently, the extracted
topographies T (s j , c z ) are then adopted for cross-subject clustering. With the same parameter settings in the first-step clustering,
the second-step clustering is performed with the modified k-means
clustering, and an optimal set of 4 EEG microstates (T emplate) is
identified based on the obtained GEV and CV values.
Microstate-based EEG re-representation. EEG topographies
with similar electric potential distribution share approximate neuronal activation patterns. Spatial EEG analysis for microstate assignment offers a new quantification approach to study the whole-brain
activation patterns. Based on the identified microstate templates
(T emplate), we calculate the spatial relevance of topographies at
each EEG sample to microstates. Global map dissimilarity (GMD)
is a common measurement of topographical configuration difference [17] by calculating the spatial Pearson’s correlation coefficient.
Here, GMD is used as the criterion for microstate assignment, calculated as
v
u
u
2
u


u

u
N 


t1 Õ




pi − p̄
qi − q̄
GMD =
−q
q Í
ÍN
N i=1 
2
2
1
1
N


 N i=1 (pi − p̄)
i=1 (qi − q̄) 
N


(4)
where pi and qi are the voltage of electrode i in the topography map
p and the topography map q, p̄ and q̄ are the average voltages across
global electrodes of p and q. Each EEG time point is then assigned

The microstate detection is first conducted on a within-subject
level for extracting subject-specified EEG microstates at prestimulus, video-stimulated, and post-stimulus stages, respectively.
For each subject, candidate topographies G(s j , c z ) from 40 trials of
EEG recordings E(ti , s j , c z ) under the same experimental conditions
are firstly extracted and then put into a modified k-means clustering [10, 13] for optimal topography extraction. For spontaneous
EEG data, similar candidate topographies (regardless of polarity
inversion) share an equal potential configuration that corresponds
to the same functional brain state [15]. With the pre-defined microstate classes k ranging from 2 to 8 and iteration times M of 1000,
the initialized centroids for microstate topography clustering are
randomly assigned and updated for stable cluster centroids searching. In the iteration of spatial clustering, global explained variance
(GEV) and cross-validation criterion (CV) [13] are calculated and
updated as indexes of clustering fitness, given by
ÍT
(Corr (V (t) , Vc (t)) · GFP (t))2
GEV = t =1
(2)
ÍT
2
t =1 GFP (t)
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Figure 2: The process of EEG microstate analysis. (1) Microstate template detection. Candidate topographies with quasi-stable
topographical configuration are sequentially detected from the local maximal GFP. The GFP value measures the potential distribution of the preprocessed EEG data. Thus, the topographies with higher GFP are presentative for momentary brain state
presentation. Based on the extracted topographies, a spatial clustering is adopted for representative microstate templates detection. (2) Microstate-based EEG re-representation. The potential similarity is measured between whole-brain EEG activities
and the identified EEG microstate templates. Each EEG time point is then assigned to one microstate with the highest spatial
relevance. Therefore, the original EEG time series are re-represented as EEG microstate sequences covering the spatial changes
of EEG electrical activities over time. (3) Microstate feature extraction. Statistical features of EEG microstate sequences are
extracted for dynamic brain activities quantification.
to one microstate class with the highest spatial relevance with
microstate templates (the highest GMD). After microstate assignment, the original EEG data are represented as changing microstate
sequences for emotion-related neurophysiology investigation.
(3) Microstate feature extraction. A bunch of statistical features is calculated from microstate sequences for emotion-related
brain dynamics analysis. In this study, the duration, occurrence,
coverage, and transition probability of microstate activities are extracted for further analysis. Here, duration measures the average
time that a specific microstate remains dominant, reflecting the

stability of potential configuration. Occurrence calculates the average number of appearances per second that a specific microstate
topography stays dominant. It provides detection into the preferred
patterns of neural coactivation. Coverage measures the ratio of a
specific microstate remaining as dominant to the total recording
time. Transition probability measures the transition percentage
that one dominant microstate transforms into another configurated microstate, providing information about brain dynamics in a
millisecond time scale [11].
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Figure 3: Schematic overview of sequential clustering analysis for microstate template detection. The first-step clustering is
conducted at a within-subject level for subject-based representative microstates extraction. Another cross-subject clustering is
then adopted for final microstate template extraction. Modified by subject-based information, the identified EEG microstates
function for describing the common activation patterns of emotion-related brain responses among 32 subjects.

2.3

Emotion-related analysis on EEG
microstates

task effect on microstate activities is measured by two-step statistical analysis. Such activation differences are first considered at
a within-subject level to reveal the patterns of subject-specific
microstate responses. For each subject, the microstate feature differences before and after emotion-evoking tasks are calculated
pr e
post
(x k = fk − fk
) and adopted for t-statistical analysis, given

To estimate the performance of the extracted EEG microstates on
characterizing the spatial-temporal changes in EEG activities, a
standard evaluation in terms of GEV and CV values measures the
fitness of capturing the dynamic changes in emotion-evoked brain
dynamics. Subsequently, the activation patterns in EEG microstate
sequences are measured to investigate the electrophysiology differences of evoked emotions from the perspective of emotion-evoking
task effect and emotional level effect. Inspecting the microstate
dynamics provides a new method for dynamic emotion analysis
considering changes in brain activities with different evoked emotion states.
(1) Emotion-evoking task effect: measures the microstate activation differences between pre-stimulus and post-stimulus stages.
As we all know, task manipulation directly influences brain activity
patterns. In line with the experimental design of the DEAP database,
pre-stimulus and post-stimulus stages are two resting states before
and after emotion-evoking tasks. Therefore, EEG microstate feature
differences between pre-stimulus and post-stimulus stages are measured as the index of the emotion-evoking task effect. It examines
whether EEG microstates can characterize the brain electrophysiology changes caused by emotion-evoking. The emotion-evoking

as tk = X d√ . X d and Sd are the mean and standard deviation
Sd / n
of paired-wise microstate feature differences across 40 trials for
subject k (k = 1, . . . , 32). n denotes the total pairs of microstate
features, equals to the number of experimental trials for every
subject. Hence, a set of t values {t 1 , t 2 , . . . , t 32 } is obtained as a
measurement of task effect on subject-based microstate activities.
To further examine whether the changing patterns of emotionevoked microstates are consistent across 32 subjects, a two-tailed
one-sample t-test is then conducted on the extracted t values at a
cross-subject approach. The corresponding p-values are corrected
for multiple comparisons, applying the false discovery rate (FDR)
adjustment with a significant level of 5%.
(2) Emotional level effect: measures the microstate response
differences between low- and high-level emotional states, from valence and arousal dimensions, respectively. Based on the 9-point
self-assessment ratings on valence and arousal dimensions, a binary
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emotional grouping is conducted by adopting a self-adaptive threshold reassignment as described in [18]. Therefore, video-stimulated
EEG recordings are divided into two-level emotional groups: low
valence vs. high valence, low arousal vs. high arousal. Subsequentially, the microstate patterns over different emotional dimensions
are investigated. And the emotional level effect on microstate activation differences is measured to interpret the perception changes
of emotion processing. A two-tailed Wilcoxon Rank Sum test (nonparametric independent t-test) is implemented to quantify the intergroup differences at every emotional dimension for each microstate
feature.

Following, to further verify the feasibility of using EEG microstate
analysis in emotion study, we explore the emotion-evoking task
effect and emotion-level effect on microstate dynamics based on
the identified microstate templates by the proposed method.

3.2

Emotion-evoking task effect

Microstate activation differences between pre-stimulus and poststimulus stages are reported in Figure 5, for the emotion-evoking
task effect study on EEG activities. Through a two-step statistical
analysis, we observe that emotional states can be described from the
changing patterns of microstate activities. Statistical results present
a consistent pattern of EEG microstate responses before and after
emotional task stimulation across 32 subjects. A positive task effect
is found on MS2 and MS4 that emotion-evoking task manipulation
leads to a significant increase in the coverage of MS2 (p = 0.0463,
FDR) and MS4 (p = 0.0453). But a negative task effect is found on
MS3 that decreased coverage (p = 0.0050), duration (p = 0.0286),
and occurrence (p = 0.0454) of MS3 are observed at post-stimulus
stages. Also, a decreased transition probability from MS4 to MS3
is found after emotional tasks. While the transition probability
from MS3 to MS2 and from MS4 to MS2 significantly increases.
However, no significant emotion-evoking task effect on MS1 activity
is found across 32 subjects. In all, we examine that the extracted
EEG microstates are representative for detecting emotion-evoked
brain activities. The emotion-evoking task effect on microstate
activities is mainly found in MS2, MS3, and MS4.

3 RESULT AND DISCUSSION
3.1 Emotion-related microstate template
detection
Through the proposed sequential clustering analysis, an optimal
set of emotion-related templates with four canonical microstates
is identified for the DEAP database (term as emotion-related microstate templates). Notably, the extracted microstate templates
have the quasi-stable configuration of left posterior-right anterior
(termed as MS1 below), left anterior-right posterior (termed as
MS2 below), anterior-posterior (termed as MS3 below), and frontalcentral (termed as MS4 below) orientation. Moreover, the identified
EEG microstates yield a corresponding GEV of 82.23% and a corresponding CV value of 63.33% after normalizing into the range of
[0,1] (Figure 4 (a)). These two indexes measure the global topographical representation over EEG microstate time series. The templates
with higher GEV and lower CV values are generally extracted as
optimal microstates with a fine fitness on capturing the brain’s
neurological states.
Meanwhile, another two cases of clustering analysis for emotionrelated microstates searching are also discussed for comparison.
Case 1 (as shown in Figure 4 (b)): The first-step clustering is conducting at a cross-subject level. All EEG data (from three experimental conditions across 32 subjects) collected from the same video
stimulation are put together for trial-based microstate template
searching. Subsequently, the extracted topographies are then applied for cross-trial clustering. A set of 4-class EEG microstates
(termed as Tem1 to Tem4) with the GEV of 79.78% and CV of 72.3%
is obtained. However, a special-configurated microstate (Tem4) with
anterior-dominant orientation is quite different from the canonical
microstates. The corresponding electrophysiology and its relevance
with functional brain networks are uncleared. Case 2 (as shown
in Figure 4 (c)): Different from Case 1, trial-based microstate templates are separately extracted at pre-stimulus, video-stimulated,
and post-stimulus stages. Next, extracted topographies are then
put together for the second-step clustering. In this case, the highest
GEV of 87.40% (with a corresponding CV of 50.9%) is observed from
the identified 4-class EEG microstates (termed as Tem1 to Tem4).
However, there exists lower spatial dissimilarity that the identified microstates share similar electrophysiology activation patterns.
In other words, the good performance of these templates may be
caused by repeated calculation with huge information bias. In comparison with these two microstate clustering analysis methods, the
proposed sequential clustering analysis method seems to be more
suitable for emotion-related representative microstate templates.

3.3

Emotional level effect

To further investigate neurological activation patterns of emotions,
emotional level effect on dynamic microstate activities at videostimulated stages is analyzed. For the valence dimension, a negative association is found between the MS4 activation pattern and
valence level (the results are shown in Figure 6). A lower MS4 occurrence is observed in the high valence group (p = 0.0379). A
greater transition probability from MS1 to MS2 (p = 0.0261) is also
found in high valence groups. But the transition from MS1 to MS4
significantly decrease at the high-level valence states comparing
to low valence (p = 0.0228). For the arousal dimension, a positive relationship is found between the MS3 activation pattern and
arousal state (refers to Figure 7). Comparing the microstate differences between low and high arousal groups, we observe a higher
coverage (p = 0.0147) and occurrence (p = 0.0203) of MS3 at the
high arousal state. No such emotional-level effect is found in MS1,
MS2, and MS4. The results also reveal a significant arousal-level
effect on microstate transition that a higher transition probability
from MS2 to MS3 is presented in high arousal groups.
Generally, the results demonstrate that EEG microstate analysis is a powerful tool for characterizing the brain activity changes
under different emotional states. Notably, a distinct activation pattern of EEG microstates is found in different emotional dimensions.
Valence-based emotional states mainly relate to the changing response of MS4, while arousal is associated with MS3. Moreover, a
positive relationship is found between MS3 activity and emotional
level of arousal, but a negative association is observed between
MS4 activity and emotional level of valence. Our findings are in line
with the results of Milz et al. [19] that MS4 mainly responded in
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Figure 4: A comparison of EEG microstates identification by the proposed sequential clustering analysis and other two cases
of clustering. (a) The explain performance of the processed clustering. (2) The identified EEG microstates in Case 1 correspond
to a lower GEV value with low performance for EEG data re-representation. (3) The identified EEG microstate topographies
at Case 2 are with a lower spatial dissimilarity. The topographical configurations with high correlation share similar electrophysiological activities, which might not distinctive for describing the specific changing patterns of functional brain networks
during emotion triggering.
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Figure 5: Emotion-evoking task effect on EEG microstate activation patterns. Generally, Statistical differences between prestimulus and post-stimulus microstate activities are measured. The t values from the two-tailed statistical analysis are showed
that the positive t value (red) indicates higher microstate activities at the pre-stimulus stage than the post-stimulus, and the
negative t value (blue) indicates higher microstate activities at the post-stimulus stage. (∗p < 0.05, ∗ ∗ p < 0.01)

Figure 6: Emotional level effect on EEG microstates at the valence dimension. The microstate response differences between
low and high valence states are analyzed for emotion-related neural mechanism investigation. The positive t value (red) from
the two-tailed statistical analysis indicates a higher microstate response at the low valence state. And the negative t value
(blue) is for a higher response at the high valence state. (∗p < 0.05)

Figure 7: Emotional level effect on EEG microstates at the arousal dimension. The positive t value (red) reveals a higher microstate response at the low arousal state, but the negative t value (blue) declares a higher response at the high arousal state.
(∗p < 0.05, ∗ ∗ p < 0.01)
goal-directed perception processing. They also observed decreased
coverage, duration, and occurrence of MS4 in goal-directed perception tasks comparing to the resting state. Besides, based on the functional association of MS3 and MS4 to the default mode network and
dorsal attention network, our results also suggest a distinct neurological mechanism of emotional perception for valence and arousal

dimensions. In general, the emotional level differences can be represented by the changing patterns of EEG microstate sequences. This
study examines the possibility of applying EEG microstate analysis
for emotion-related neural mechanism investigation.
The findings suggest that brain activity detected by EEG microstates is dynamically changing in response to continuous stimulations of multimedia videos for emotion triggering. Previous
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CONCLUSION

Triggered by music videos with rich audiovisual stimulations, emotions are dynamically elicited, leading to spontaneous changes in
brain signals. Tracing the dynamic brain responses in emotion triggering helps to understand the emotion perceiving process. In this
study, EEG microstate analysis is introduced for emotion-related
EEG dynamics analysis, reflecting the changes in brain response. A
sequential clustering method is proposed for EEG microstate templates detection. The emotion-evoking task effect and emotional
level effect on EEG microstate activities are examined. The results
show emotions can be effectively characterized by the activation
patterns of EEG microstates. Affected by emotion-evoking tasks, an
increase of MS2 and MS4 responses but a decrease of MS3 activities
are observed at the post-stimulus stage. Moreover, valence-based
and arousal-based emotion level differences also lead to a varied
alternation in microstate sequences. A positive association between
MS4 activities and valence states is observed. Compared to low
valence, high valence is corresponding to a higher MS4 activation.
Besides, a negative association is found between MS3 activities
and arousal levels. A lower MS3 response is observed in the high
arousal groups. Overall, our work investigates the possibility of
applying EEG microstate analysis for emotion-related neural mechanism exploration. Microstate-based emotion study offers alternative
insights into emotion perceiving, which will greatly deepen our
understanding of human emotions.
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Human Activity Recognition (HAR) can be measured in various
ways in a new era of growing technologies. This paper studies different classification and data processing tasks. This paper proposes
using HAR to monitor the elderly while being power-efficient and
respecting an individual’s privacy, allowing it to be run on mobile
devices like smartphones or smartwatches. Upon reviewing other
methods of HAR by sensor data, we realized that they severely
lacked in the areas mentioned earlier. Moreover, they either used
older classification techniques or made too complex and over-thetop models for the same. We tested a total of nine methods to find
the best model/method, from simple support vector machines (SVM)
and convolutional neural networks (CNN) to hybrid models. The
best results were produced by a simple, fully connected network
(multi-layer perceptron) with the data condensed using Fisher’s
linear discriminant analysis (FLDA) that gave us 98.6% accuracy.
Our final model satisfies both the requirements we had set; it is
simplified and produces benchmark results.

1

CCS CONCEPTS
• Applied computing → Health care information systems; Health
informatics; • Human-centered computing → Ubiquitous and
mobile computing systems and tools; Mobile phones.

KEYWORDS
Human Activity Recognition, Pattern Recognition, Smartphone
Sensor Data, Linear Discriminant Analysis
∗ All

INTRODUCTION

In the context of this work, Human Activity Recognition (HAR) is
the term for classifying the movements of a person based on the
data gathered from sensors. Time series data provides information
on an individual’s behaviours through time and may be evaluated
in a variety of ways. While time-series data could be collected for
a particular attribute, in some cases, it is generally a good idea to
collect data for multiple attributes to be able to perform a better
analysis.
In these applications, the data from these sensors often needs to
be analyzed using Signal Processing methods to extract features
these signals. Following this approach, streams of data are usually
divided into windows that can represent parts of an activity. Then,
the features extracted from these windows can be used in a machine
learning classifier models. In the instance of this study, the goal of
the analysis is to distinguish between various activities performed
by different participants. These activities consist of walking, laying,
standing, sitting, etc [3].
Current monitoring systems are expensive and need an external
power system. These monitoring systems contain cameras and
microphones, which require extensive upkeep whenever even a
minor issue arises. Nowadays, image- and audio-based recognition
systems could yield higher accuracy rates at the expense of an
individual’s privacy, which is increasingly a major concern when
implementing and deploying these types of applications.
The data considered in this work is less invasive and was collected from inertial measurement units on smartphones. Most
works on HAR from smartphone data do not consider computational power and battery constraints, many times proposing complex deep learning models. The aim of this work, on the other
hand, is to investigate models and identify lightweight alternatives
that could be deployed in battery-powered devices, such as wearables. Use cases for systems employing these HAR models include
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papers was the classification of moving activities. Convnet can
easily recognize these kinds of activities and properly classify them.
Human activities are hierarchical since complex activities consist
of simple ones. Besides, these activities are translation invariant
because different people have their own way to do one action.
In Convnet, they used softmax as their activation function, and
for weight update and error cost minimization, they applied stochastic gradient descent (SGD) to mini-batches of sensor training
data. Since large weight can cause the vector of weights to be stuck
in a local minimum and utilized a regularization method which is
called L2 regularization. In this method, they add a term to the cost
function to compensate for the large weights. Moreover, dropout
in this architecture caused avoiding the overfitting. Dropout temporarily removes some nodes that force the neurons not to rely
on the presence of other particular neurons. They applied dropout
only to the fully connected layer. Based on the greedy-wise tuning
of hyperparameters approach, they started to calculate the performance by increasing the layers of Convnet. They adjusted the
number of feature maps, filter size, and pooling size in that order.
The maximum number of layers was 4. Increasing the filter size
raised the performance while increasing the pooling size did not
have any potential effect on the performance. Besides, in the validation set, increasing the performance between layers 3 and 4 is
small. Convnet performs very well with the accuracy of 93.7% and
outperforms other state-of-the-art approaches [7].
The authors of [8] proposed an approach to detect 6 different
actions of a human being, using data collected from a smartphone.
They used Support Vector Machines (SVM), to classify and identify
the actions. The authors divided their tasks into different modules
- Data acquisition & data processing, Feature extraction, Training
and Recognition. Data acquisition is done by collecting data and
processing signals from the sensors of a smartphone. With the raw
data collected, the authors extracted features from it to feed it to a
SVM. Data from an embedded accelerometer and gyroscope was
collected at 50Hz. Each sensor recorded three values for each of
the three orthogonal measurement axes x, y, and z. The raw data
acquired by the sensors was organized in windows of 2.56 seconds
with 128 recorded values. The authors reported an accuracy of
89.59% for the SVM, which shows a promising research direction
for HAR systems using inertial data.

the tracking elderly, Alzheimer’s patients, and other populations
that could benefit from having their physical activities monitored
constantly.
The next section presents a brief literature review on HAR systems that also use smartphone data. Section 3 discusses the dataset,
preprocessing steps, dimensionality reduction methods, machine
learning models, and model design plan. Section 4 presents the
details of the experiments carried. Section 5 compares the results
achieved by previous works on the same dataset and the models
investigated in this paper. Finally, Section 6 brings conclusion, discussion and future research directions for the present work.

2

LITERATURE REVIEW

Human Activity Recognition emerged as a new scope of smart
pattern recognition over the last 8 years. The accessibility of data
is not only limited to textual, number or audio/visual but also now
can use sensor-based data to predict certain tasks. With the help of
booming technology of smartphone, the paper [1] came up with
a way to record sensor data of smartphone when it attached to a
human body while performing some daily tasks.
The author of [1] observed different changes in body acceleration,
gravity acceleration and few other sensor points and developed a
baseline model to predict Human activity with the help of standard
Support Vector Machine (SVM) that exploits fixed-point arithmetic
for computational cost reduction.
A comparison with the traditional SVM shows a significant improvement in terms of computational costs while maintaining similar accuracy, which can contribute to developing more sustainable
systems for Ambient Intelligence [1].
Our paper focuses on a single type of Human Activity Recognition, i.e. sensor-based Activity Recognition. It seeks the profound
high-level knowledge about human activities from multitudes of
low-level sensor readings. Conventional pattern recognition approaches have made tremendous progress on HAR by adopting
machine learning algorithms such as decision tree, support vector
machine[1], naive Bayes, and hidden Markov models[5]. It is no
wonder that in some controlled environments where there are only
a few labelled data or certain domain knowledge is required (e.g.
some disease issues), conventional PR methods are fully capable
of achieving satisfying results. However, in most daily HAR tasks,
those methods may heavily rely on heuristic handcrafted feature
extraction, which is usually limited by human domain knowledge
[4].
For, the model to be more generalized [9] introduced the approach Deep learning to the pipeline of HAR to make the model
more robust for future usage.
In the paper [7], they used a Deep Convolutional Neural Network
(Convnet) for Human Activity Recognition. By time-series sensor
data, they could translate 1D signals into known activities. Also,
additional convolution and pooling layers in Convnet accelerate the
process of feature extraction of these signals. Although, the more
layers increase, the less difference would be in feature complexity
level.
They examined their method on “Human Activity Recognition
with Smartphones Dataset” and achieved 94.79% for accuracy of
classification. One of the most important problems in previous

3 METHODOLOGY AND JUSTIFICATION
3.1 Human Activity Recognition Using
Smartphones Dataset
The dataset “Human Activity Recognition Using Smartphones” [2]
is the object of study in this work. The dataset is publicly available
in the UCI machine learning repository. The dataset consists of the
recordings of 30 participants performing activities of daily living
(ADL) while carrying a waist-mounted smartphone with embedded
inertial sensors. The participants volunteering in the experiment
were in an age bracket of 19-48 years.
Each person performed six activities (Walking, Walking Upstairs,
Walking Downstairs, Sitting, Standing, Laying) wearing a smartphone (Samsung Galaxy S II) on the waist. The data to characterize
activities was captured using the smartphone’s embedded 3-axis
accelerometer and 3-axis gyroscope to measure linear accelerations
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3.3

Table 1: Model Parameters
Model
CNN

SVM
MLP

Configuration
1D Convolution(Filters: 64, Kernel Size: 7, Activation: ReLU),
1D Convolution(Filters: 64, Kernel Size: 7, Activation: ReLU),
Dropout Layer,1D Max Pooling(Pool Size: 2),
Flattening Layer,
Dense Neuron Layer(No. of neurons: 512, Activation: ReLU),
Dropout Layer,
Batch Normalization Layer,
Dense Neuron Layer(No. of neurons: 256, Activation: ReLU),
Dropout Layer,
Dense Neuron Layer(No. of neurons: 128, Activation: ReLU),
Dense Neuron Layer(No. of neurons: 6, Activation: Softmax)
Kernel: RBF
Regularization: L2
Dense Neuron Layer(No. of neurons: 16, Activation: ReLU),
Dense Neuron Layer(No. of neurons: 16, Activation: ReLU),
Dense Neuron Layer(No. of neurons: 6, Activation: Softmax)

PCA is among the most popular methods for dimensionality reduction. In this method, we find the direction in which data have
the largest variance, and consequently, we project the data in that
direction. However, PCA does not include the label of the data
and it can cause problems. To avoid this issue, Fisher LDA can be
used. It also reduces the dimension significantly, which leads to
time complexity reduction of our program. In FLDA, we calculate
the mean of each class and try to project the data in a way that
these means are as far as possible. Thus, it will ease the process
of classification. We will try to use FLDA in our data and observe
how the data spread is behaving in feature space as compared to
our previous implementation i.e. PCA. Fig. 2 presents the X_train
samples encoded to the FLDA space, projected on 3 components.

3.4

Principal Component Analysis (PCA)

We can see that the magnitude dimension (i.e. features of the samples) is high. Each sample here is 561 features, from which not
all features would be as useful if we consider them individually.
To visualise the variance of the data we would be using Principal
Component Analysis. This technique will show us how the data
is spread according to their principal component. This would also
help us understand the useful Principal components that can be
used for training the model. By using this approach we can decrease
the dimensions of sample data, which will in turn would make the
model more efficient to train. It will also us to tackle any imbalance
in the data. Fig. 3 presents the cumulative explained variance for per
number of principal components for the X_train samples encoded.

and angular velocities respectively at a constant rate of 50Hz. The
signals collected by the sensors were further processed to time and
frequency domain features using a 2.56 second window, a complete
list of features can be found in the [6].
The experiments have been video-recorded to label the data
manually. The obtained dataset has been randomly partitioned into
two sets, where 70% of the volunteers were selected for generating
the training data and 30% the test data. The dataset has 561 features,
6 activity labels and 10,299 Data sample (7352 in the train set and
2947 in the test set).
The data set was further processed to form a 2-dimensional
data frame for training and another one for testing. The training
set consist of subset of samples, X_train, and a subset of target
activity labels, Y_Train, the X_train and Y_train pair is used as
input data in Fig. 1. The test set follows an analogous structure. The
training set was further divided into 5 folds for a stratified crossvalidation scheme with the objective of estimating how classifiers
would generalize to different datasets. The test set was reserved to
evaluate the performance of trained models in unseen data.

3.2

Fisher Linear Discriminant Analysis
(FLDA)

3.5

Deep Convolutional Neural Network

According to this paper [7], a Deep convolutional Neural Network
(CNN) in HAR can outperform other proposed methods. In fact,
CNN, with pooling and convolution layers can easily extract the
necessary features for the recognition process. By choosing the
proper layers for convolution and pooling, the size of kernels and
feature maps, and a fully connected layer for classification, we can
achieve a high accuracy to distinguish the movements. According to
the above mentioned paper, CNN works better for moving activities.
Thus, we try to implement this method to represent the accuracy
of these movements.

Model Design Plan

3.6

The input data is encoded to lower dimensionality spaces to reduce
the complexity of candidate models and identify lightweight alternatives that could be deployed in battery-powered devices, such
as wearables. The Principal Component Analysis (PCA) and Fisher
Discriminant Analysis (FLDA) were the transformations used to
encode the standardized input data, as seen in Fig. 1. The models
trained on the PCA-encoded data were also trained on the raw data
to evaluate the dimensionality reduction impact on the models’
performance.
The raw data and its PCA/FLDA encoded versions were analyzed
by CNN, SVM, and Feed-forward neural network classifiers, as
shown in Fig. 1. Table 1 presents the model configurations used in
our experiments.

Support Vector Machine (SVM)

Support Vector Machines are supervised learning models that are
used for classification as well as regression, although, classification
is its wider use. It works on linearly separable data.
The goal of a Support Vector Machine is to find a decision boundary with maximum margin. This decision boundary is also a hyperplane, which can be N-dimensional, depending on the data. SVM
works on certain data points known as support vectors. These support vectors are the closest data points to the decision boundary
and help in generating the decision boundary itself. Things like the
position and orientation of the decision boundary is decided by the
support vectors.
Support Vector Machines were considered to be the best machine
learning techniques before neural networks evolved to the stage
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Figure 1: The whole architecture of the project (9 implementations)

(a) 0 degree

(b) 120 degree

Figure 2: FLDA Data spread (Activities according to their colors [blue: laying, orange: sitting, green: standing, red: walking,
purple: walking downstairs, brown: walking upstairs])
that they are today. Even today, they provide good accuracy with
classification datasets and are widely used for several applications.

We chose SVMs as one of our methods because they offer robust
result without a lot of computational resources and two of the
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Table 2: Results of the Experiments
Model
HAR-Multi-SVM [1]
HAR-SVM(2016) [8]
HAR-ConvNet(2016) [7]

Figure 3: Explained Variance VS Number of Components

papers that we reviewed have used the same and reported great
accuracy.

4

Precision Recall F1-score Accuracy
0.9
0.89
0.89
0.893
0.895
0.94
0.94
0.937

CNN Raw Data (Exp.1)

0.97

0.96

0.96

0.964

SVM Raw Data (Exp.2)

0.97

0.96

0.96

0.97

CNN + SVM Raw Data (Exp.3)

0.97

0.97

0.97

0.966

CNN PCA data (Exp.4)

0.92

0.92

0.92

0.923

SVM PCA data (Exp.5)

0.94

0.94

0.94

0.94

CNN + SVM PCA data (Exp.6)

0.93

0.93

0.93

0.926

MLP FLDA data (Exp.7)

0.99

0.99

0.99

0.986

SVM FLDA data (Exp.8)

0.94

0.94

0.94

0.94

MLP + SVM FLDA data (Exp.9)

0.98

0.98

0.98

0.98

the deep features of the last layer of CNNs and MLPs, and feed
them to the SVMs, Experiments 3, 6 and 9 from Table 2.
All experiments were conducted with 5 fold cross-validation to
increase the performance of the models.

EXPERIMENTS

We determined to use PCA and FLDA for data visualization and
CNN and SVM for classification in this project. There are nine
methods that we executed to explore the performance in each
method. The architecture of the whole implementation is shown in
Figure 1.
First and foremost, standardization of the dataset results in samples with consistent and comparable features in terms of scales.
PCA has been applied to the dataset to decrease the number of
dimensions for the samples. Most of the variance of data is at 95%
of variance spread (3); thus, we reduced the dimension into the
first 102 components of the feature space. Similarly, the data plot
produced by the FLDA transformation demonstrates that, despite
some overlap across classes, the features are predominantly linearly
separable, as shown in 2.
Convolutional Neural Networks are likely to outperform several
other machine learning models in classification problems. These
networks may be utilized for pictures as well as high-dimensional
datasets. Besides, as demonstrated in [7], these networks have
achieved the highest precision, recall and accuracy scores in the
same dataset subject to this study. To confirm these findings, we
apply CNNs to both Raw and PCA-transformed data, (Experiments
1 and 4 from Table 2). It was not possible to execute CNN on FLDA
data because this data has five features and will not perform well
with complex architectures like CNN. Thus, for FLDA data, we used
a simple Feed Forward Neural Network, Experiment 7 from Table 2.
Moreover, since the classes are mostly linearly separable and
SVMs are maximum margin methods for classifying linear data, we
also applied SVMs to the raw, PCA, and FLDA data (Experiments 2,
5 and 8 from Table 2).
According to recent papers addressing the Human Activity Recognition problem, the highest classification performances are achieved
by combinations of SVM and CNN. Following this trend, we extract

5

RESULTS

Table 2 presents the results for the experiments carried out in this
paper and the ones achieved in previous works using the same
dataset. The models utilized in 2012 using only SVMs on raw data
[1, 8] achieved a baseline accuracy of approximately 89 percent
on the HAR smartphone sensor dataset [2]. We can also see that
HAR-ConvNet(2016) [7] model obtains a significant improvement
in terms of accuracy. But the model used to classify activities in [7]
is computationally complex.
In the second part of Table 2 we showed the results and performance of all the nine experiments that have been done during the
project. Even though the PCA transformation decreases the dimensionality necessary to describe the data, lowering model complexity,
the scores of these models considerably drop when compared to
alternative model combinations.
When evaluating raw standardized data, it is also worth noting
that SVM performed the best in terms of accuracy.
And finally, experiments 7, 8, and 9 revealed a new benchmark
result in terms of precision, recall and accuracy. Experiment 7 (i.e.,
MLP NN on FLDA encoded data) yields the best performance out
of the above three experiments. The computation complexity is
much much lower because the FLDA encoded data has only five
components. Figure 4 depicts the confusion matrix for each activity classification in experiment 7. Fig. 4 shows that most of the
confusion arises between the “Sitting” and “Standing” activities
with a minor contribution coming from the “Walking”, “Walking
upstairs and downstairs” activities. The “Sitting” and “Standing”
are stationary activities while “Walking”, “Walking upstairs and
downstairs” involve the same primary motions for limbs and torso.
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Figure 4: Confusion matrix for multi-layer perceptron on
FLDA
The results demonstrate that the less complex MLP Neural network, when applied to FLDA encoded data, outperforms more complex CNN-based alternatives.

6

DISCUSSION AND CONCLUSION

In summary, the goal of this paper is to investigate lightweight
models that could be deployed in battery-powered devices, such as
wearables, to recognize the different kinds of movements people
do in their daily lives.
The nine experiments presented in this work demonstrate that
a combination of FLDA transformed data with a multi-layer perceptron classifier may provide superior accuracy (98.6%), precision
(99%), and recall (99%) scores compared to other, often more sophisticated, combinations of methods. An SVM classifier applied
to features derived from a multi-layer perceptron on FLDA transformed data achieves comparable accuracy, but it is slightly inferior
in terms of precision and recall.
When compared to the baseline results achieved by a CNN (0.94
precision, 0.94 recall, accuracy 0.937) presented in [7] for the task
of human activity recognition from smartphone data, the results
presented in this paper achieve an improvement in all metrics (0.99
precision, 0.99 recall, accuracy 0.986) and at the same time presents
a less complex model alternative with the combination of FLDA
and MLP classifier.
The cross-validated results also lead to the conclusion that for
the dataset subject to this study, FLDA leads to higher classification
scores than PCA, with the advantage of transforming the data
to a lower-dimensional space that is more favorable to simpler
classifiers.
The future work direction will concentrate on deploying the
FLDA and MLP to wearable devices in order to evaluate how the
system will perform on real-time data. The models from Experiments 7, 8, and 9 will be deployed to low-power wearables to
evaluate their impact on battery life. In the future, we are also planning to use our model to evaluate the level of activity on elders,
persons with disabilities, and other populations of interest.
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survival rate for NSCLC is still not ideal. Thus, the understanding
of cancer biology is important for NSCLC treatment and prognosis.
Nuclear factor 90 is a double-stranded RNA binding protein encoded by the interleukin enhancer-binding factor 3 (ILF3) gene. And
NF45, a product encoded by ILF2 gene can form a heterodimeric
complex with NF90. NF90/NF45 has been found to be involved in
various cellular activities including DNA metabolism, transcription
and translation, the regulation of cell cycle, cell growth and proliferation. Also, NF90 participates in cancer progression which binds
to the 3’ untranslated region of cyclin E1 mRNA. The depletion
of NF90 is capable of suppressing cell proliferation and reducing
tumorigenic capacity [2].
As a key angiogenic factor, vascular endothelial growth factor
(VEGF) participates in stimulating the formation of blood vessels
and tumor angiogenesis which can provide a microenvironment
rich in nutrients and oxygen to tumors and help with the metastasis.
The expression of VEGF needs the activation of hypoxia inducible
factor 1 (HIF-1) which is pivotal to tumor survival and development
under hypoxic conditions by inducing cancer cells to better survive
in the hypoxic environment [3]. And the research has found that
double-stranded RNA-binding protein 76/NF90 (DRBP76/NF90) can
promote the expression of VEGF by binding and stabilizing the
mRNA of VEGF under under hypoxic conditions and thus facilitating the development and angiogenesis of the breast cancer [4].
PI3K/Akt/mTOR pathway is a significant intracellular signal transduction pathway which has been identified as playing an important
role in cell growth and proliferation, vesicle trafficking and glucose
transport. The dysfunction of PI3K/Akt/mTOR pathway is related
to the proliferation of tumor cells, inhibition of apoptosis, metastasis and also includes angiogenesis [5]. Some researchers also found
that NF90 is overexpressed in human cervical cancer and the knockdown of NF90 leads to the decreased of HIF-1α/VEGF-A expression,
the suppression of the formation of tubule-like structures and cell
migration of human umbilical vein endothelial cells (HUVECs). And
furthermore, this regulation is associated with PI3K/Akt signaling
pathway [6].
Therefore, in this paper, a series of experiments are designed to
test whether nuclear factor 90 effects the development of NSCLC
by regulating the expression of HIF-1/VEGF through PI3K pathway
to promote angiogenesis. If the hypothesis that the expression
of NF90 in NSCLC can regulate HIF-1/VEGF expression through
PI3K pathway and the knockdown of NF90 can reduce HIF-1/VEGF
expression and further suppress angiogenesis and tumor growth
can be validated, it would follow that NF90 is possibly a new antiangiogenesis therapeutic target.

ABSTRACT
As one of the most diagnosed cancers in the world and the main
cause for global cancer mortality, the treatment and prognosis of
NSCLC is still a challenge. Some studies find that NF90, a doublestranded RNA binding protein, can regulate the expression of VEGF
and further inhibit tumor angiogenesis and tumor growth in breast
cancer and cervical cancer. In this article, experiments are designed
to explore the correlation between NF90 and VEGF/HIF-1 in NSCLC
through using siRNA to knock down NF90 in lung cancer cells
and observing VEGF/HIF-1 expression by western blot and ELISA.
Use Transwell assay and tube formation assay to detect the tube
formation and cell migration of HUVECs in vitro while observe the
tumor growth in vivo through Xenograft. Experiments also involve
the exploration of PI3K/Akt/mTOR cellular pathway. The results
supporting the hypothesis would indicate that NF90 is possibly a
new anti-angiogenesis target for NSCLC treatment. And further
study can explore the more specific mechanisms for the cooperation
between NF90 and VEGF/HIF-1 and develop the novel targeted
drugs for NSCLC.
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INTRODUCTION

As one of the most threatening malignant tumors with a high mortality rate, lung cancer has caused about 2.1 million new cases and
1.8 million deaths in 2018. Non-small cell lung cancer (NSCLC), a
subtype of lung cancer other than small cell lung cancer (SCLC) accounts for 85% of all lung cancer cases [1]. Although new treatments
and targeted drugs have been developed during these years, the
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2 MATERIALS AND METHODS
2.1 The preparation of materials
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2.1.1 Cell lines and culture condition: Human lung cancer cell lines
A549 and Calu-1, HUVECs and the BALB/c nude mice are used
in the experiments. A549 and Calu-1 are cultured in RPMI-1640
medium and HUVECs are cultured in Endothelial Cell Medium
(ECM). Medium is added with 10% fetal bovine serum (FBS), 100
µ/mL penicillin and 0.1 mg/mL streptomycin. All cells are kept at 37
°C in 5% CO2 atmosphere. For hypoxia condition, cells are starved
for overnight and treated with CoCl2 or cultured under low-oxygen
atmosphere [6, 7].

2.2.4 Real-time quantitative PCR. The total RNA was extracted
from the cells using Trizol reagent. Some RNA are reverse transcribed into cDNA using an oligo dT primer and reverse transcriptase according to the manufacturer’s instruction. SYBR®Premix
Ex TaqTM II is used to analyze the results. GAPDH housekeeping
gene is used to normalized gene expression levels among different
samples. Blank control without cDNA is designed to eliminate the
possibility of contamination.

2.3

2.1.2 Materials in xenograft experiments. The BALB/c nude mice
are used in experiments [6, 7].
2.1.3 Conditioned medium (CM). Conditioned medium (CM) is
collected from A549 and Calu-1 which are transfected with siRNA
(negative control, positive control and experimental group). Cells
with knockdown NF90 are collected and washed by PBS twice. Then
cells are starved in serum-free medium overnight and followed by
CoCl2 stimulation for 12h and 24h. Collect the culture supernatants
and get centrifuged to remove cell debris and and stored at −80 °C
[6].

2.2

Methods for in vitro angiogenesis

The effect of NF90 on angiogenesis can be observed through the
formation of tubule-like structures and the migration of HUVECs
which are cultured in CM.
2.3.1 HUVEC tube formation assay: HUVECs are cultured in CM
to observe tube/capillary-like structure formation. HUVECs are
resuspended in CM and seeded on matrigel (1×105 cells/ml) and
incubated at 37°C. Tube construction are viewed through a microscope [6].
2.3.2 Transwell assay. Transwell assay is used to observe the migration of cells. HUVECs are seeded onto the upper chamber. And
in the lower chamber, cells are seeded in ECM containing 10% FBS.
After incubation for 48h at 37°C, cells in lower chamber are stained
with 0.1% crystal violet and observed under the microscope [6, 7].

Methods for NF90 knockdown, VEGF/HIF-1
expression and PI3K/Akt/mTOR pathway
exploration

The knockdown of NF90 is performed by siRNA transfection. The
regulation between NF90 and VEGF/HIF-1 can be observed through
the expression of NF90, VEGF/HIF-1 by western blot, ELISA and
RT-qPCR. Since AKT and mammalian target of rapamycin (mTOR)
are the important kinase downstream of PI3K pathway [8] , the
activation of PI3K pathway can be observed by the expression of
Akt, phospho-Akt (p-Akt), mTOR and phosphor-mTOR (p-mTOR)
by western blot.

2.4

Methods for tumor growth in vivo

The BALB/c nude mice are kept in pathogen-free conditions and a
12 h dark-light cycle.
The BALB/c nude mice are divided into 3 groups (four mice per
group): mice from negative group, VEGF inhibitor (PTC299) positive
group and experimental group are subcutaneously injected with
Calu-1 cells transfected with non-silence siRNA, NF90 shRNA and
PTC299 respectively into the left or right flank. Mice are scarified 28
days after Calu-1 cell inoculation and xenograft tumors are weighed
[6, 7].
Statistic data from western blot, ELISA and RT-qPCR are collected and the differences among groups are analyzed by Student’s
t test.

2.2.1 siRNA transfection. Lung cancer cell lines are divided into 3
groups: (1) the negative control: non-silence transfection. (2) the
positive control: PTC299 (VEGF inhibitor) (3) The experimental
group: the cells transfected with NF90 shRNA.
A549 and Calu-1 are transfected with siRNA through LipofectAMINE 2000 according to the manufacturer’s instructions [2].

3

2.2.2 Western blot. Cells are lysed and cell extracts are prepared according to the manufacturer’s protocol. Use SDS-PAGE to separate
protein samples and transfer the separated samples to polyvinylidene difluoride (PVDF) membranes. The blots are blocked with
skim milk diluted in TBS which contains 0.05% Tween 20. The
PVDF membranes are incubated with primary antibodies at 4°C for
overnight followed by incubated with the secondary antibodies. The
visualization of proteins is detected by ECL Western Blotting system. Antibodies are against NF90, VEGF, HIF-1,Akt, p-Akt, mTOR
and p-mTOR [7, 9].

RESULTS

The overview of all possible results is shown in Table 1

3.1

Possible result 1: The knockdown of NF90
can reduce the expression of VEFG/HIF-1
through PI3K/Akt/mTOR pathway in lung
cancer cells, decrease the angiogenesis of
HUVECs and decrease the tumor growth in
vivo.

Transfecting NF90 siRNA to silence NF90 can reduce the expression of VEGF-HIF-1. And such regulation is associated with
PI3K/Akt/mTOR pathway which the expression of p-Akt and pmTOR decrease and the ratios of p-Akt/Akt and p-mTOR/mTOR
are inhibited. The angiogenesis of HUVECs cultured in CM is inhibited under the microscope. Animal experiments show that the
knockdown of NF90 suppresses tumor growth.

2.2.3 ELISA. The concentrations of VEGF in the supernatants from
the non-silence transfected cells, NF90 knockdown cells and cells
treated with VEGF inhibitor (PTC299) are detected using human
VEGF ELISA Development kit according to the manufacturer’s
instructions.
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Table 1: Possible results on NSCLC progression in vitro and in vivo

VEFG/HIF-1 expression
Angiogenesis of HUVECs
Tumor growth in vivo
PI3K/Akt/mTOR pathway
Agree or disagree with the
hypothesis

Result1

Result 2

Result 3

Result 4

Result 5

Result 6

Result 7

+
+
+
Y
agree

+
+
+
N
partly agree

+
+
Y
partly agree

+
+
N
partly agree

+
Y
partly agree

+
N
partly agree

disagree

Note: “+”represents a great inhibition. “-” represents a not significantly change from negative control. Y/N: Y represents the regulation is
associated with PI3K pathway. N represents there is no significant relationship between the regulation and PI3K pathway.

3.2

p-Akt and p-mTOR expression and the ratios of p-Akt/Akt and
p-mTOR/mTOR. The angiogenesis of HUVECs cultured in CM is
inhibited under the microscope. However, the knockdown of NF90
cannot suppresses tumor growth in vivo experiments.

Possible result 2: The knockdown of NF90
can reduce the expression of VEFG/HIF-1 in
lung cancer cells. However, the regulation
is not associated with PI3K/Akt/mTOR
pathway. Suppression of NF90 can decrease
the angiogenesis of HUVECs and decrease
the tumor growth in vivo.

Transfecting NF90 siRNA to silence NF90 can reduce the expression of VEGF-HIF-1. But such regulation is not associated with
PI3K/Akt/mTOR pathway which there is no significant change on
p-Akt and p-mTOR expression and the ratios of p-Akt/Akt and
p-mTOR/mTOR. The angiogenesis of HUVECs cultured in CM is
inhibited under the microscope. Animal experiments show that the
knockdown of NF90 suppresses tumor growth.

3.3

3.5

Transfecting NF90 siRNA to silence NF90 can reduce the expression of VEGF-HIF-1. And such regulation is associated with
PI3K/Akt/mTOR pathway that the expression of p-Akt and p-mTOR
decreases and the ratios of p-Akt/Akt and p-mTOR/mTOR are inhibited. However, the angiogenesis of HUVECs cultured in CM is
not suppressed and knockdown of NF90 also cannot inhibit the
tumor growth in vivo.

Possible result 3: The knockdown of NF90
can reduce the expression of VEFG/HIF-1
through PI3K/Akt/mTOR pathway in lung
cancer cells, decrease the angiogenesis of
HUVECs but cannot decrease the tumor
growth in vivo.

Transfecting NF90 siRNA to silence NF90 can reduce the expression of VEGF-HIF-1. And such regulation is associated with
PI3K/Akt/mTOR pathway that the expression of p-Akt and p-mTOR
decreases and the ratios of p-Akt/Akt and p-mTOR/mTOR are inhibited. The angiogenesis of HUVECs cultured in CM is inhibited
under the microscope. However, the knockdown of NF90 cannot
suppresses tumor growth in vivo experiments.

3.4

Possible result 5: The knockdown of NF90
can reduce the expression of VEFG/HIF-1
through PI3K/Akt/mTOR pathway in lung
cancer cells but cannot decrease the
angiogenesis of HUVECs and the tumor
growth in vivo.

3.6

Possible result 4: The knockdown of NF90
can reduce the expression of VEFG/HIF-1 in
lung cancer cells. However, the regulation
is not associated with PI3K/Akt/mTOR
pathway. Suppression of NF90 can decrease
the angiogenesis of HUVECs but cannot
decrease the tumor growth in vivo.

Possible result 6: The knockdown of NF90
can reduce the expression of VEFG/HIF-1 in
lung cancer cells. However, the regulation
is not associated with PI3K/Akt/mTOR
pathway. Suppression of NF90 cannot
decrease the angiogenesis of HUVECs and
the tumor growth in vivo.

Transfecting NF90 siRNA to silence NF90 can reduce the expression of VEGF-HIF-1. But such regulation is not associated with
PI3K/Akt/mTOR pathway which there is no significant change on
p-Akt and p-mTOR expression and the ratios of p-Akt/Akt and pmTOR/mTOR. However, the angiogenesis of HUVECs cultured in
CM is not suppressed and knockdown of NF90 also cannot inhibit
the tumor growth in vivo.

Transfecting NF90 siRNA to silence NF90 can reduce the expression of VEGF-HIF-1. But such regulation is not associated with
PI3K/Akt/mTOR pathway which there is no significant change on
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pathway which is likely to cause the failure of angiogenesis assay.
And even for VEGF pathway, not only NF90, the uncontrollable
expression of epidermal growth factor (EGF), insulin-like growth
factor 1 (IGF-1), interleukin-1 (IL-1), interleukin-6 (IL-6) also leads
to an increased production of VEGF production [12].
As for possible results 5 and 6 which suggest the knockdown
of NF90 cannot decrease the angiogenesis in vitro, the reason is
probably because the improper experimental operations of HUVECs
tube formation assay and transwell assay. Too much algebra of
HUVECs can affect cell morphology and growth state which leads to
no significant difference between experimental groups and negative
control group. Others about experimental skills such as the control
of the cell density and time of tube formation can also cause the
deviation of results. Improve the experiment design and repeat the
experiment can eliminate these effects. The other reason is, just
as mentioned above, tumor cells can also secret other cytokines
like EGF, IL-1 to stimulate angiogenesis [12]. Although knocking
down NF90 can reduce VEGF expression to a certain extent, some
other cytokines secreted by tumor cells to the media also cause
such results.
The possible result 7 shows that there is no correlation between
NF90 and VEGF/HIF-1. However, given that some studies have
already validate that NF90 is capable of regulating VEGF expression,
the failure of experiments is probably because of the off target of
siRNA. Inappropriate design of siRNA can cause the failure of NF90
knockdown and the study will use applicable siRNA to repeat the
experiments.
PI3K/Akt/mTOR pathway is one of the three main signaling
pathways which have been identified to exist in many cancers.
Although PI3K pathway is involved in lots of cell regulation such as
cell proliferation, differentiation, apoptosis and angiogenesis, the
kinases in the downstream are various. Not only Akt, the activation
of PI3K can also lead to the phosphorylation of phosphoinositide
dependent kinase-1 (PDK1) whose the substrates are protein kinase
C (PKC), S6K and serum/glucocorticoid regulated kinases (SGK)
[8]. For the results which show the regulation is not associated
with PI3K/Akt/mTOR pathway like possible results 2,4 and 6, the
experiments can focus on finding the exactly downstream effectors
of PI3K except Akt by western blot.

Possible result 7: The knockdown of NF90
fails to reduce the expression of
VEFG/HIF-1 in lung cancer cells, the
angiogenesis of HUVECs and the tumor
growth in vivo.

Transfecting NF90 siRNA to silence NF90 cannot reduce VEFG/HIF1expression in lung cancer cells. Thus, it’s no need to study the
signal pathway associated to the regulation. The angiogenesis of
HUVECs is not inhibited because the CM is collected from the transfected and hypoxia-stimulated lung cancer cells. And the knockdown of NF90 cannot inhibit the tumor growth in vivo.

4

DISCUSSION

Some previous studies have demonstrated that NF90 regulates the
expression of VEGF leading to the increased angiogenesis and tumor growth in human cervical cancer and human breast cancer.
However, researches on whether NF90 regulates VEGF expression
can also cause the reduction of angiogenesis and tumor growth in
NSCLC are still limited. In this study, experiments are designed to
test the regulation between NF90 and VEGF/HIF-1 and to observe
the effect of NF90 on angiogenesis in NSCLC by using siRNA to
knock down NF90. And the study also contains in vivo animal experiments to study the tumor growth by injecting the NF90 knocked
down cell lines into mice.
In possible result 1, experiments are fully supportive of the hypothesis. The results validate the hypothesis that NF90 regulate the
expression of VEGF/HIF-1 which stimulates the formation of vessels through PI3K/Akt/mTOR pathway. The tube formation assay
in vitro and tumor growth assay in vivo also show that knockdown of NF90 can inhibit the angiogenesis and decrease tumor
growth which suggests NF90 possibly becomes a new target for
anti-angiogenesis in NSCLC therapy. Before new NF90-target anticancer drugs are developed, more complex animal experiments
need to be done. And although some researches has confirmed that
NF90 is overexpressed in NSCLC [10], the relationship between
NF90 expression and the grading and prognosis of NSCLC is still
unknown. Thus, further research is needed.
As for possible results 3 and 4 which show that knockdown of
NF90 cannot suppress tumor growth in vivo, the reasons can be
many and varied. One possible reason is that tumor growth and tumor angiogenesis are complex processes which various factors can
make a difference. Tumor angiogenesis plays a key role in tumor
growth and is regarded as a necessary step for the tumor to translate
into the malignant one. Also, tumor angiogenesis is an extremely
complex process in vivo which includes the degradation of vascular
endothelial matrix, endothelial cell migration and proliferation, the
formation of new basement membranes and the formation of new
blood vessels and vascular networks. Although VEGF pathway is
the main mechanism of angiogenesis, tumors can still utilize alternative angiogenic mechanism. Some studies have shown that other
angiogenic mechanisms such as platelet-derived Growth Factor Signaling, Fibroblast Growth Factor Signaling and angiopoietins with
their receptor, endothelial TEK tyrosine kinase are also involved
in angiogenesis in NSCLC [11]. Inhibit VEGF pathway by knocking down NF90 may promote tumor cells to use such alternative

5

CONCLUSION

Briefly, the study explores the correlation between NF90 and
VEGF/HIF-1 expression, tumor angiogenesis and tumor growth
through NF90 knockdown. The ideal result indicates that NF90
inhibitors have the potential to be a new anti-angiogenesis therapy
target NSCLC. However, the research on the cooperation between
NF90 and VEGF/HIF-1 in NSCLC is still relatively few. More specific mechanism which triggers the biological responses in vivo and
whether the regulation is change under diverse pathophysiological
conditions are still needed to be further explored. And more complex and advanced animal experiments are also necessary. There
are only theoretical studies on NF90 at present and more studies
remain to be done before NF90 could become an anti-tumor target
and involved in drug development. But NF90 still has great potential
to become a new direction for the future research focusing on the
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development of biologics such as antibodies which can block NF90
for clinical therapy and further carrying out clinical trials.
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ABSTRACT

KEYWORDS

The number of Years Lived with Disability (YLDs) is growing at
an impressive pace under the aging global population’s push. Consequently, the demand for innovative therapies and solutions to
improve the quality of life of disabled people is rising. Robots are
making their way into the clinical sector to provide high-intensity
rehabilitation exercises or assistance while monitoring quantitative
metrics for tracking the patients’ status evolution. Exoskeletons
are among the most studied and most interesting embodiments of
today’s robotic technologies. This paper investigates an innovative design concept for a rehabilitative Hand Exoskeleton System
(HES) driven by a Remote Actuation System (RAS). The discussion
starts from the characteristics of a previously built prototype and
focuses on using finite element analysis, topological optimization
techniques, and 3D-printing-oriented design to minimize the system’s weight and complexity while assuring adequate performance
to be effective in rehabilitation. The text will present, in sequence:
the main features of the starting prototype; the preliminary design
of the new exoskeleton; a detailed dynamic analysis of the finger
mechanisms composing it; the final topologically optimized design;
and, finally, the evaluation of the result of the redesign process.

Hand exoskeleton, Rehabilitative robotics, Mechanical design, 3D
printing, Biomedical Engineering
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INTRODUCTION

The social impact of chronic diseases affecting either the musculoskeletal or nervous systems increases as the population, and its
average age rises. This alarming fact has been underscored by the
World Health Organization that investigated the number of Years
Lived with Disability (YLD), i.e., the number of years in which
rehabilitation is considered worthwhile [1]. Such a study highlighted that YLDs increased by 23% between 2005 and 2015. Such
an impressive rise demonstrates how much the demand for innovative therapies, and solutions to improve their quality, is growing.
Robot-augmented therapy is a clinically tested pathway for improving rehabilitation outcomes [2] since robotic devices can provide
high-intensity exercises combined with quantitative metrics for
tracking the patients’ status evolution [3]. Recently, a significant
improvement in the quality of rehabilitation treatments has been
brought about by adopting new strategies based on Virtual Reality
(VR) environments [4], which boosted patients’ engagement during
treatments and the development of rehabilitative robots.
Exoskeletons are among the most studied and most interesting
robotic embodiments proposed in literature due to their humancentered design and potential to provide a highly immersive experience when interacting with a virtual rehabilitation environment.
However, striking a successful compromise between the immersion
level offered, the wearability of the resulting system, and the high
performance required for rehabilitation activities remains, as today,
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both a very stimulating challenge and an open topic. The tradeoff’s
achievement becomes even more complicated when it comes to
Hand Exoskeleton Systems (HESs) because of the complex anatomy,
minimal space, high numbers of Degrees Of Freedom (DOF), and
articulated kinematics.
Many are the HESs that aim to develop a training platform to
support patients in the recovery of lost hand mobility and grasp
ability that populate the technical literature. The variety of these
devices is wide, and the criteria for distinguishing them can be
multiple: type of actuation, number of actuated DOF, and type of
therapy offered. In [5–7] are reported solutions that include electric motors directly placed on the user’s limb to make the system
completely wearable. Motors and power supply are generally the
primary sources of weight; therefore, these hand exoskeletons are
often composed of links manufactured of 3D-printed polymers to
contain the total mass and encumbrance over the user’s hand. 3D
printing is a fundamental resource for developing wearable robotics,
guaranteeing a significant customizability level and reduced production cost, and allowing to fully exploit topological optimization
techniques. However, wearability-based designs inevitably must
accept compromises on either the number of fingers actuated or on
the amount of force exerted; hence this design philosophy poorly
adapts to scenarios where it is required to maximize performances.
High performances resulted in systems that can be fixed to the
ground [8–10]. Such devices relieve the user of any weight that
could obstacle the hand’s rehabilitative at the expense of loss of
wrist mobility during exercise. Thus, they result hardly integrable
with other robotic systems and VR environments. Besides, most of
these exoskeletons are made of metal alloy to withstand the high
forces exerted and are consequently manufactured using classical
mechanical processes, resulting in non-negligible weight and a high
number of components and manufacturing cost.
A middle way between these two opposing design strategies
above is represented by those exoskeletons mounted on the user’s
hand but exploiting an actuation system displaced away from the
limb, generally called Remote Actuation System (RAS). Some remote
actuation systems are based on pneumatic or hydraulic principles
[11, 12], but the most prevalent type is the Bowden-cable-based one
[13–15]. Bowden cables are flexible elements, namely sheathed cables, with several valuable characteristics for the application under
consideration, like lightness and capacity to transmit high forces.
However, these cables’ employment also brings many difficulties in
terms of control performance since the contact between sheath and
wire inevitably introduces non-linearity in the drive train, backlash,
and consequently loss of precision. This layout allows the user to
freely move the hand in a limited space while ensuring sufficiently
high performance. However, once again, the performance request
may determine the use of metal materials rather than plastic, and,
therefore, particular attention must be paid to the limitation of
weight and costs.

1.1

transmission system. The primary strength of the proposed solution is to be composed of rigid components that are topologically
optimized and 3D-printed in ULTEM™1010 for a high performanceto-weight ratio. Its technical characteristics are shown in Table 1,
comparing the most used techno-polymers for 3D printing. Furthermore, considering that ULTEM™ 1010 has recently become
relatively cheap thanks to the ongoing technological and industrial
development, the resulting device does arise as an excellent tradeoff between portability, performance, and costs. In [16], an overview
of a previous prototype made of aluminum alloy is presented; in
the context of this work, such exoskeleton will be considered as the
Reference Hand Exoskeleton (RHE), namely the base from which
the mechanical redesign process began. The system architecture
has been revamped starting from the same geometry to minimize
the number of components, reduce volume and weight, and meet
the exact desired requirements of stiffness and strength. A thorough study of the system dynamics, the topological optimization
of its geometry, and verification of the results through Finite Element Analysis (FEA) were the main tools used in this work. The
results highlight objective advantages achieved by the new HES,
such as greater material exploitation, a substantial reduction in the
number of components and weight, but, on the contrary, underline
limitations in terms of stiffness and increased bulkiness.
The paper is organized as follows. Section 2 reports a brief overall
description of the RHE. Section 3 describes a redesigned intermediate model that embodies rough changes obtained by simply exploiting the capabilities of 3D printing technology. Section 4 presents the
dynamic analysis of the exoskeleton to determine the loads acting
on its components. Section 5 describes the topology optimization
process. Section 6 compares the final redesigned model and the
RHE and concludes the paper.

2

RHE OVERVIEW

This section aims to briefly introduce the RHE operating principles
(visible in Figure 1) to help the readers better understand the reasons
behind the choices reported in this paper; a more in-depth dissertation on the device’s characteristics is provided in [16]. The RHE is
a wearable device designed to be a training platform for enhancing
the user’s hand’s sensorimotor functions through interaction with
virtual or augmented reality. The device assists both flexion and
extension of the fingers, and they can be managed independently.
From each finger mechanism to the finger, the transmission of
forces and motion occurs through a kinematic chain composed of
rigid links that connect directly to the middle phalanx.

2.1

Modular architecture and magnetic
coupling

The RHE mechanical design has benefited from the know-how in
manufacturing and design of hand exoskeletons acquired during the
years by the authors. The acquired expertise resulted in developing
different exoskeleton prototypes [17, 18] that implement singleDOF kinematics optimized to the specific user’s anthropometric
measurements [19]. Following this design process, the RHE results
in a relatively simple architecture capable of accurately reproducing
the finger trajectories. While this approach brings multiple benefits
in terms of architectural complexity, cost, and encumbrance, it

Contribution

This paper investigates and proposes an innovative design for a
rehabilitative HES to overcome some previously introduced typologies’ limitations. Specifically, the dissertation will focus on an exoskeleton actuated using a RAS that exploits a Bowden-cables-based
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Table 1: Comparison of ULTEM™1010 mechanical properties with some of the most used polymers in 3D-printing.

ULTEM 1010
PLA
ABS plus

Tensile stress [MPa]

Young Module [GPa]

80
45
33

3.4
2.9
2.2

Figure 1: The RHE system (on right) and the RAS (on the left).

Figure 2: (a) the Base Platform, (b) one Interface Module, and (c) one Finger Module.
inevitably associates the mechanisms to a user’s size. The RHE
consists of a Base Platform (BP), up to four Interface Modules (IMs),
and up to four Finger Modules (FMs), all visible in Figure 2
The assembly of these three modules is accomplished using
custom quick magnetic couplings (Figure 3), one addressing the
connection of FM on BP and the other FM with IM; for simplicity,
they are indicated in the document as FM-BP and FM-IM coupling.
The FM-BP coupling is achieved through the combined application of magnets and pin-hub connections. Indeed, the BP has been
equipped with flanged bushings and a ferromagnetic plate, while
the bottom surface of each FM includes magnetic disks and a pin.
In addition to mechanical coupling, this configuration also creates
a simple passive hinge for the fingers’ ab/adduction motion that
lets the mechanism and finger passively align, preserving the user’s
mobility when the device is worn. The quick FM-IM coupling is

designed and dimensioned for the transmission of torque. Like the
FM-BP one, it occurs thanks to the combined application of magnets
and pin-hole connections. It also provides an elegant solution for
exploiting the same BP and RAS while varying the FMs according
to the different fingers’ size of the patients. The rapid assembly
capability has been considered a primary technical specification
during the redesign process for the new ULTEM™1010 device.

2.2

The Interface Module

The IM realizes the connection between the FMs and the RAS;
one IM is employed for each FM. It is composed of a pulley and a
sheath locking system (Figure 2), both of which are custom-made
to perform their respective tasks. The pulley, moved by the Bowden
cables, drives the single DOF of the FM while the block sheath
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Figure 3: (a) the FM-BP coupling, and (b) the FM-IM coupling

Figure 4: the Finger Module scheme; (a) top view, (b) lateral view, and (c) back view.

Figure 5: (a) the Intermediate Hand Exoskeleton, (b) detail changes.
holds the sheaths in position during the functioning by a shape
connection.

2.3

through classical cutting tool processes in 2014-T6 aluminum alloy
to withstand a maximum force at end-effector of 40 N. Technopolymer bush bearings in each joint have been used to reduce
sliding friction.

The Finger Module

3

The FM will be the principal object of the redesign process. As
already mentioned, its mechanical structure (shown in Figure 4)
derives from previous studies [17, 18] to optimize the tracking
of the natural fingers’ trajectory while minimizing the system’s
complexity.
The mechanism kinematics involves rotative joints at points A,
C, D, E, H, M, and L, and a pin-slot joint at point B organized to
result in a single-DOF kinematic chain, which is driven by the IM
pulley (in L) through the LMHA four-bar linkage. Since the AC,
BD, CE links, and the Frame slide are optimized to reproduce the
desired trajectory, they cannot be modified during the redesign
procedure. All the structural components have been manufactured

REDESIGNED INTERMEDIATE MODEL

This section will introduce the Intermediate Hand Exoskeleton
(IHE) model (reported in Figure 5) obtained by redesigning the
RHE, aiming to take advantage of the great potential offered by
3D-printing together with the good mechanical characteristics of
ULTEM™1010.

3.1

IHE mechanical architecture

The characteristics of 3D-printing technology have allowed designing complex and custom geometries. The driver pulley has been
directly incorporated into the AC link, obtaining a component that
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does not increase the overall dimensions and eliminates the fourbar linkage. Hence, the resulting kinematic chain is simplified, and
space has been freed FM’s rear area. The newly obtained space has
been then exploited for a new sheath locking system by introducing
a system that relaxes the Bowden cables to facilitate changing the
FMs. This system is based on an eccentric rotation to activate a
small translation of the redesigned sheath locking system. This
solution radically rethinks the FM-IM coupling, which is no longer
magnetic-based, while the FM-BP coupling is left the same as the
RHE.
Finally, the BD and CE links have merged into a single BCE link
with a predominantly closed shape to improve the element’s stiffness. A significant advantage of using plastic structural elements
is that the friction coefficient between steel and ULTEM™1010 is
sufficiently low to eliminate the use of techno-polymer sliding bearings at the joints, thus efficiently reducing the overall number of
components.

3.2

Figure 6: The reference systems used for the constrained Lagrange’s dynamic analysis.
multipliers as follows:
R=

Static structural Analysis of the IHE

G1,0

jx

LAGRANGIAN DYNAMICS

[M] {q}
Ü +

∂ψ
∂q

T #


{λ} = F˜ − [C] {q}
Û −

(

∂V
∂q


∂Ψ T
λ
∂q

(2)

G1,0

jy

where P,i and P,i denote respectively the abscissa and ordinate
of the generic point P in tern i rewritten in tern j; j ϑi is the rotation
of the i-th frame with respect to the j-th frame; only the angle has
been considered since the FM motion is confined into a plane.
The constraints in the mechanism are an absolute hinge at A
(first and second equations of the system), an internal hinge at C
between the AC and BCE links (third and fourth equation of the
system), and finally point B has been constrained to move along
the line through points V and W (fifth equation of the system).
The constraint system is obtained by writing these equations with
respect to the fixed reference tern, as follows:

This section exploits the constrained Lagrange’s equation [20] to
dynamically analyze the exchanging forces and torques between interconnected rigid bodies that compose the exoskeleton mechanism.
An accurate analysis of the system dynamics is indeed mandatory
to perform the topology optimization of the FM components. The
general form of the constrained Lagrange equation can be written
as follows:
"



Referring to the kinematic chain of the IHE, two reference frames
have been introduced: the first one, <1>, is integral to link AC (origin
in G1), while the second one, <2>, is integral with link BCE (origin
in G2). The frames have been centered so that l 1 denotes half the
length of AC, and l 2 half the length of BC (Figure 6).
A fixed reference system has been centered in point A and indicated as the <0> frame. The generalized coordinate vector is
indicated by q as follows:

T
q5 q6
q3 q4
q = q1 q2
=
h
i T (3)
0y
0ϑ
0ϑ
0x
0x
0y
2
G2,0
1
G2,0

The mechanical performance of the IHE, in terms of stresses and
displacements, has been evaluated employing a static structural
finite element analysis while reproducing the most severe operating condition. Maximum allowable stress of 45 MPa, which is
about two-thirds of the ULTEM™1010 yield, and a maximum displacement at the end-effector of 2 mm have been set as threshold
values. Such precautionary values have been chosen to allow for a
further step in the design process exploiting topology optimization.
The FM has been tested in different positions. Each configuration
has been evaluated while applying a force of 40 N perpendicularly
to the middle phalanx. The worst-case configuration results provide maximum operating stress of about 26 MPa with a maximum
displacement at the end-effector of 1.5 mm.
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A,1 = 0 → q 1 − l 1 cos q 3 = 0
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A,1 = 0 → q 2 − l 1 senq 3 = 0
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0 → q 4 + l 2 cos q 6 − q 1 − l 1 cos q 3 = 0

 C,2

C,1
0y
Ψ = 0y
−
=
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C,2
C,1 0 → q 4 + l 2 senq
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0
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(q 4 − l 2 cos q 6 ) xV ,0 − xW ,0 + (q 5 − l 2 senq 6 )



 




 0yW ,0 − 0yV ,0 + 0xW ,0 0yV ,0 − 0xV ,0 0yW ,0 = 0

(4)
Ψ is composed of 5 equations in 6 variables, since kinematics
has a single DOF it is possible to manipulate the system to write
5 variables as a function of just one control variable. In this work
q 3 was used as the control variable. The generalized force vector is
defined as follows:
h
iT
∂w
∂w
. . . ∂q
F˜ = ∂q
(5)
1
n

T )
(1)

Where M ∈ Rn × n is the mass matrix of the system; Ψ ∈ Rnc is
nc × n is the Jacobian matrix
the constraint equations system; ∂Ψ
∂q R
of the constraint equations system; F˜ ∈ Rn is the generalized
forces vector; C ∈ Rn × n is the matrix that collect the nonlinear
and Coriolis terms; V is the potential energy function of the system;
q ∈ Rn is the generalized coordinate vector; λ ∈ Rnc is the vector
that collect the Lagrangian multipliers; n is the number of total
degrees of freedom of the system; nc is the number of constraint
equations of the system. The peculiarity of this formulation is that
the reaction forces (R) can be defined as a function of Lagrangian
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Where ∂w is the virtual work defined as:
n 

Õ
 0
 0
T 0
∂x P i 0 ∂y P i
Fx P i 0 Fy P i
∂w =
+ ∂ϑ P i TP i

mass within the design space while keeping the selected quantities under the specified thresholds. In this work, maximum stress
and end-effector displacement have been constrained, as already
reported: two-thirds of the ULTEM™1010 yield stress (45 MPa) and
a 2 mm end-effector displacement.

i=0

(6)
where Pi is the point on which the i-th external force is applied;
0 ∂x
0
P i e ∂y P i are the virtual displacements of Pi written with
respect to <0> frame; 0 Fx P i and 0 Fy P i are the components of the
external force applied on Pi written with respect to <0> frame;
0 ∂ϑ
P i is the virtual rotation about Pi due to the torque TP i . The
unknown torque in joint A, TA , and the force at the end-effector
(point E) with components Fx E and Fy E have considered as external
forces applied to the exoskeleton. By applying Eq. 6 and substituting
into Eq. 5, it is possible to obtain the generalized force vector as
follows:
F˜ =



0 Fy
0x
0y
cos
q
−
senq

6
6
E  E, 2
E,2
0 Fy
0 0 TA 0 Fx


E
E
−0 Fx E 0y E,2 cos q 6 + x E,2 senq 6


ϵ R6
(7)
Considering the static case, so all-time derivatives are null, it is
possible to rewrite Eq. 1 as follows:
  
 

T
λ
∂Ψ
(8)
= ∗ F˜
{γ }
∂q
TA

5.1

T






The geometries derived directly from the solver have discrete shapes
resulting from mesh elements considered sufficiently employed. The
subsequent step involved a process of reconstructing the optimized
surfaces to make them manufacturable. The process results are
presented in Figure 7 and reported in Table 2. The comparison
between IHE and FHE is based on the maximum stress, maximum
end-effector displacement, and occupied volume (as an index of
bulkiness).
It is worth noting that the optimization process led to an increase
in material stress up to the constrained threshold value while decreasing the occupied volume and mass by 11.8%.

6

RESULTS

In this last section, the comparison between the RHE and the FHE
is discussed and reported in Table 3. It has been performed by
evaluating the total number of components that constitute the
assembly, the mechanism performances in terms of percentage
of material exploitation and stiffness at the end-effector in the
worst operating conditions, and finally, mass and volume occupied
by the material. The percentage of material exploitation has been
estimated as the percentage between the maximum operating stress
and the material’s yield stress. Simultaneously, the mechanism
stiffness was calculated by dividing the force’s modulus applied to
the end-effector (40 N) by its maximum displacement. The results
highlight objective advantages achieved by the optimized model,
such as greater material exploitation, a substantial reduction in the
number of components and weight, and underline limitations in
stiffness and increased volume.

where γ is a column vector with all null elements except for the
third row, which corresponds to the lagrangian coordinate on which
TA acts, where the element is equal to 1; ∗ F˜ is the generalized forces
vector without the torque TA . Eq. 8 for any q 3 results in a linear 6x6
system with vector of unknown { λ TA }T ϵ R6 . Once calculated
the Lagrange multipliers through the Eq. 2, it is possible to derive
the constraint reactions and therefore the load system acting on
each component as a function of q 3 .

5

Optimized device assessment

TOPOLOGY OPTIMIZATION PROCESS

As the final design stage, a topology-optimization analysis within
the SolidWorks Simulation environment has been performed to
achieve the Final Hand Exoskeleton (FHE). The technique used
by the SolidWorks solver is the SIMP method. Each component of
the exoskeleton mechanism has been analyzed individually. The
imposed finite element models’ boundary conditions are such that
isostatic systems are simulated. Boundary reactions have been calculated by solving Equation 8 while considering a force of 40 N
at the end-effector and varying the joint coordinate from the fully
open (0°) to the fully closed (-90°) positions. The worst-case has
been evaluated for each constrained reaction so that the higher
forces were applied to each component.
The further step consisted of defining the design and non-design
space; defining one also defines the other since they complement.
Typically, the non-design space includes all those regions whose
geometry cannot be varied. In this work, the pin and magnet seats,
the coupling areas of the locking system, and the ab/adduction pin’s
outer surface have all been included in the non-design space.
Finally, the SIMP method formulation enables the user to compose a set of constraints by selecting the value of a desired number
of quantities; thus, the algorithm can redistribute the components’

7

CONCLUSIONS

The paper describes the redesign process of a hand exoskeleton
system engineered for rehabilitation tasks. Such a device has been
developed relying on the 3D-printing technology capabilities, the
ULTEM™1010 techno-polymer mechanical characteristics, and the
SIMP method for solving topological optimization problems. The
presented procedure resulted in a final model with noteworthy
improvements: reduced drive train’s complexity, number of components, and weight; guaranteed the same quick modular capability and sufficient performance to satisfy the high forces typically
required during rehabilitation sessions. Although the described
system still represents just a concept model, it also embodies a
first step towards the actual realization of the proposed prototype
that paves the way for further enhancements to enrich the current
state-of-the-art of wearable robotic devices.
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Figure 7: (a) topology optimization results, (b) the final redesigned hand exoskeleton, (c) reconstructed FHE components
Table 2: - Properties of the components subject to the optimization process (sheath locking system excluded)
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brain use alone [5]. Global figures show that 40 million people in
the world were living with Alzheimer’s disease in 2016 [6, 7], and
the figure is expected to reach 70 million by 2030 [8]. Nowadays, no
drug can completely cure Alzheimer’s disease, effective drugs can
only play a certain delaying role, so the development of Alzheimer’s
disease treatment is urgent.
There are many causes of Alzheimer’s disease, including genetic
and environmental factors [9]. Exposure to environmental factors
such as heavy metals and brain injuries can increase the risk [10,
11]. At the same time, studies have found that the central choline
function damage will also cause the disease, since the decrease of
cholinergic neurons in the brain tissue will lead to the decrease
of acetylcholine, thus causing memory and recognition function
damage. Symptoms include memory problems, difficulty at thinking
and judging, language problems, become selfish, cold, irritable and
abnormal [12–14]. So far, there are three stages. The first stage is
amnesia, which shows a clearly decline in memory and usually
forgot what was just said. The second stage is the chaotic stage,
which is obviously manifested in visual recognition and spatial
recognition disorder. The third stage is the extreme dementia stage,
the patient’s living ability decline, becoming unable to take care of
themselves. At present, the pathologic study of Alzheimer’s disease
is not thorough, and further research is needed [14, 15].

ABSTRACT
Alzheimer’s disease is an irreversible chronic disease, which is more
common in the elderly. Currently, there is no complete cure for
Alzheimer’s disease, and some methods can only play a delaying
role. There are many factors that can cause Alzheimer’s, such as
genetic factors and environmental factors. In this article, we will discuss the pathogenesis of Alzheimer’s disease, such as accumulation
of Aβ, oxidative stress response, and Tau hyperphosphorylation,
which can contribute to the development of Alzheimer’s disease. It
also covers the potential treatments for Alzheimer’s, such as the
protective effect of galanin in the brain on neurotoxicity; Resveratrol increases the expression of estrogen, which, in combination,
increases various antioxidant enzymes and reduces the amount
of Aβ, thus achieving therapeutic effects on Alzheimer’s disease.
Finally, a new treatment method called induced pluripotent stem
cell (iPSC) technology is introduced. In this paper, we summarize
the possible effective treatments for Alzheimer’s disease, thus may
offer some suggestions for the treatment of Alzheimer’s disease.
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1

THE MECHANISM OF ALZHEIMER’S
DISEASE

Under normal conditions, the levels of amyloid precursor protein
(APP) in the body are in dynamic equilibrium, and APP is hydrolyzed by β- and γ -secretase enzymes to produce Aβ. But when
the gene is mutated, APP metabolizes abnormally, making it impossible for APP to be degraded, so it accumulates in the body, which
increases the production of Aβ. Alternatively, problems with degradation of Aβ may also result in accumulation of A in the body. So,
what is the effect of the accumulation of Aβ? Kowall et al. injected
Aβ into the cerebral cortex of rats or monkeys and found tissue
necrosis at the injection site, loss of surrounding neurons and proliferation of nerve keratinocytes. Further studies later found that
when Aβ aggregates and deposits, oxidative stress occurs, leading
to the shortening and death of neurons. So, the neurotoxicity of Aβ
plays Aβ crucial role in the development of Alzheimer’s disease.
But although deposited Aβ kills neurons, dissolved Aβ promotes
neuronal growth in the short term [16, 17].
Tau protein is a microtubule-related protein, which forms microtubules together with microtubules to maintain the stability of
microtubules. Under normal conditions, each Tau molecule in the
mature brain contains 2-3 phosphate groups, and after Alzheimer’s
disease, each Tau protein may contain 5-9 phosphate groups. Hyperphosphorylation makes microtubules hyperactive and affects
microtubules function [18, 19].

INTRODUCTION

Alzheimer’s disease, first discovered and documented by German
psychiatrist and psychopathologist Eros Alzheimer [1, 2], is an
irreversible and chronic progressive central nervous system degeneration that leads to dementia, most often in people over 65 years
old [3, 4]. Many people mistakenly believe that the cause of the
disease is lack of use of brain, but research showed that former US
President Ronald Wilson Reagan and former British Prime Minister
Margaret Thatcher also unfortunately suffered from Alzheimer disease, so the causes can’t be summarized simply in terms of too little
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Researchers have found inflammatory markers in the brains
of people with Alzheimer’s disease that trigger an inflammatory
response. Neurotoxic substances are produced when the inflammatory response gets out of hand. Aβ is an inflammatory stimulator in
the brain, which can activate cells to release inflammatory factors
such as nitric oxide, and then oxidative stress will occur. When
the redox reaction is destroyed, it will cause the death of neurons,
cause DNA mutations, promote Tau protein hyperphosphorylation,
and cause the occurrence of Alzheimer’s disease. But under normal
circumstances, it can stimulate cell growth and is beneficial to the
human body [20].
Metal ions can also be involved in the development of
Alzheimer’s disease. A moderate amount of metal ions is beneficial to the human body, but if the concentration of metal ions is
abnormal, the balance of metal ions in the body will be disrupted,
leading to the lack or excess of metal proteins, causing Aβ protein aggregation, oxidative stress reaction, resulting in the death of
neurons [10, 21].
Acetylcholine is mainly responsible for learning and memory.
Normal cholinergic neurons can synthesize acetylcholine, but when
Alzheimer’s disease occurs, cholinergic neurons are lost, leading to
less synthesis and release of acetylcholine, thus causing dysfunction
of learning, memory and recognition [22, 23].

3

responsible for the protection, the researchers conducted a series of
experiments, add specific antibody respectively, found that add R1
and R3 specific antibody did not make the cell increased mortality,
so it can conclude that GalR1 and GalR3 not mediated, is mainly
responsible for mediating GalR2.
So how does the role of R2 receptor go further? To further investigate the role of R2 in cells, the researchers used Bax, a protein
closely associated with apoptosis, as a measure of cell death. Direct
injection of Aβ1-42 was found to increase Bax, and simultaneous
injection of Aβ1-42 and galanin into neurons was found to decrease
Bax. When STS was injected into the cells, both overall Bax and
activated Bax were increased, and then decreased with the addition of galanin. The protective effect of galanin is mediated by the
expression level of Bax. than that of Bax after 6 hours. Therefore,
it can be concluded that galanin can degrade Bax, thus affecting
the expression level of Bax. On the whole, galanin has a certain
protective effect on the harm of Aβ, STS, cruciferine, etoposide,
H2O2 and other substances to neurons, and this protective effect is
completed by reducing the expression of Bax protein [26, 27, Fig 1].

4

RESVERATROL CAN REDUCE THE
DAMAGE OF ALZHEIMER’S DISEASE

To test resveratrol’s effect on Alzheimer’s disease, the researchers
conducted a series of experiments on mice. First, they injected
resveratrol in diseased nerves cells. It turned out that Alzheimer’s
SOD mRNA expression of the model group, which is the number
of antioxidant enzymes, decreased a lot compared with the control
variable group. On the basis of the model group to join a high concentration of resveratrol expression quantity increased the number
of antioxidant enzymes, while in low concentration of resveratrol
the number did not change. After that, CAT catalase and GSH-PX
peroxidase were tested in turn, and the results were similar. Therefore, resveratrol can increase the content of antioxidant enzymes
to reduce the damage of oxidative stress reaction. The effects of
the level of sex hormone on Alzheimer’s disease is not very clear,
and in order to further test resveratrol and estrogen effects on
Alzheimer’s disease, the researchers did a set of experiments. They
detected Alzheimer model group of ER alpha and ChAT and found
that compared with the control variable set down. On top of that
they added estrogen, finding that the quantity of estrogen receptor
alpha expression increased, as well as the expression of ChAT volume. Western Blot was then used to detect the expression levels of
related proteins and the results were the same. The researchers also
found that the addition of ChATmodel to estrogen could reduce the
expression of Aβ, and that the replacement of the ChATmodel with
high levels of resveratrol increased the expression of Aβ compared
with the addition of estrogen. Estrogen expression is higher in both
of these cases in the presence of estrogen. Therefore, it can be concluded that resveratrol can increase the expression of estrogen, and
the combination of resveratrol and estrogen can increase various
antioxidant enzymes and reduce the amount of Aβ, thus achieving
the effect of treatment for Alzheimer’s disease [28, 29, Fig 2].

GALANIN HAS A PROTECTIVE EFFECT ON
ALZHEIMER’S DISEASE

Galanin and its receptors in the brain are closely linked to
Alzheimer’s disease and may have Aβ protective effect against Aβ
neurotoxicity, but how this protection is achieved is unknown [24].
To test the protective effect of galanin on neurons, the researchers
took neurons from the human brain, injected them with Aβ 1-42
protein, cDNA, and virus, and injected them with DTR dyes into
the Aβ 1-42 proteome to see if the injection was successful. Because
the cDNA and the virus themselves contain fluorescent proteins,
the injection can be directly tested for success. After successful injection, the death of neurons was detected, and it was found that all
the three conditions could cause neuronal damage, indicating that
Aβ could cause neuronal death. When administered in combination
with galanin, TUNEL showed a reduction in cell mortality, but only
to a limited extent. Therefore, it can be determined that galanin has
a certain protective effect on neurons.
So, is galanin only protective against the neurotoxicity of Aβ?
Is not, the researchers also made another set of experiments, will
cross spore alkali, etoposide, H2O2 were injected into the neurons,
the serum from extracted in a petri dish, can cause the death of neurons by TUNEL found, then the injection galanin, found in certain
concentrations, galanin in these four-case damage to neurons has
a protective effect. This suggests that galanin has Aβ protective
effect not only on Aβ, but also on neurotoxicity induced by other
factors.
At present, three galanin receptors R1, R2 and R3 have been
found [25]. Firstly, the occurrence of the three receptors in the
neuron cells was detected, and it was found that the expression
of R1 is the largest and R3 is the least. In order to further testing
to determine the role of galanin protection is mediated through
its receptors, and which subtype of galanin receptor mainly be

5

NEW MEDICAL STRATEGY: IPSC

With the development of medical technology, many new technologies have emerged. One of the most promising technologies is called
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Figure 1: Galanin can reduce the expression of Bax [26].

Figure 2: Different changes in the expression of E2[29].
the induced pluripotent stem cells (IPSC) [30]. IPSC was achieved
by artificially inducing non-pluripotent cells to express a specific
gene, a technique that allows researchers to harvest pluripotent
stem cells [34]. First, the researchers took somatic cells from the
body, cultured them using iPSC technology, and turned them into
stem cells. Second, it stimulates these stem cells to differentiate
into different nerve cells. These cells could then be applied to the
Alzheimer’s phenotype, as well as screening drugs. Eventually these
drugs can be used for treatment [33]. IPSC has many advantages. It
allows researchers to create different types of cells, screen for effective drugs, and inject cells directly into animals to mimic treatment
[31, Fig 3].
Transcription factors are important in the transformation from
fibroblasts to nerve cells, among which Ascl1, Brn2, and Myt1l are
highly efficient when they are transcribed together. However, when

there is only one A, the efficiency is reduced, but transcription can
still be completed. So, the researchers first chemically screened
the small molecules responsible for Ascl1 conversion. By screening about 5,000 small molecules, they found that Forskolin, ISX9,
CHIR99021 and SB431542 each more than doubled the number of
neurons, but the effect was even greater when these molecules were
added to Ascl1 alone. The effect is the most obvious when small
molecule combinations are added to Ascl1. Removing Ascl1 and
adding FICS separately did not work but combining FICS was found
to have the same effect. So, it follows that collaboration between
small molecules is important.
The first group of researchers found that FICS could be converted
directly into nerve cells, but at a low rate of 30%. To further improve
conversion rates, the researchers conducted 1,500 screenings and
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Figure 3: The scheme of IPSC [31].
found B, which combined with FICS to produce a FICSB that increased conversion rates to 90%. Next, F, I, C, S and B were removed
separately, and it was found that the conversion rate did not change
significantly except for S. Therefore, it was concluded that S was not
important in the transformation, and the researcher then conducted
experiments directly with FICB. To test whether the transformed
fibroblasts were real neurons, the researchers cultured them and
attached fluorescent proteins to their tails. They found that 14 to 21
days after promoting maturation, the induced cells showed more
extensive neurite growth, known as CiNs. Researchers then did a
set of experiment, in order to determine CiNs and real neurons on
the similarities and differences in gene expression, finding Syn1 and
Gad67 genes without expression in fibroblasts, but has expressed
in the neurons, in CiNs expression than lower in neurons, but there
are also two genes, shows CiNs are infinite tend to neurons. In order
to detect the electrophysiological characteristics of CiNs, another
group of experiments was carried out. First, the patch clamp record
showed that there was ascl1 on the CiNs, indicating that there was
ascl1 on the CiNs. Then, the CiNs were cultured separately, and the
membrane was depolarized, leading to the action potential. It was
found that the internal and external positive and negative poles
were changed, indicating that the ion channel might be opened.
When CiNs were cultured with neurons, the performance of CiNs
functional membrane was significantly improved. After the addition
of two specific receptor antagonists CNQX and AP5, spontaneous
EPSCs were blocked like neurons. These results indicate that CiNs
have functional membrane properties. After co culture with neurons, CiNs can form functional synaptic connections with each
other or with existing primary neurons. In order to further detect

the gene expression in CiNs, the researchers found that FICB increased the expression of neuron genes in CiNs and decreased the
gene expression of fibroblasts [35]. The results showed that I and
B were the most important, B could inhibit the gene expression of
fibroblasts, I and B could increase the gene expression of neurons.
In conclusion, FICB can increase the gene expression of neurons
and decrease the gene expression of fibroblasts [32].

6

DISCUSSION

There are many factors that could cause the Alzheimer’s disease,
but currently most of the research only focus on the relationship of
Alzheimer’s disease and amyloid protein, which means that there
are many other factors that we don’t understand how they cause
the disease, indicating that the current research on the pathogenesis
of Alzheimer’s disease still needs to be more in-depth. In addition,
most of the current experiments only stay at the cell level, and the
experiments are only carried out on mice, which leaves a lot of
uncertainty in the conclusion, because we are not sure whether it
will have the same effect in clinical application. This also causes
another uncertain factor, that is, whether these possible treatment
methods will have side effects in clinical practice?
IPSC, as an emerging technology, has brought us a lot of potential therapeutic methods. At the same time, it has also brought
a series of problems, such as the cell-based experiments and side
effects mentioned above. These problems represent that our research is not thorough enough and needs further verification. The
transformation efficiency of IPSC is also a big problem to be solved.
At present, the transformation efficiency is only 90%, not 100%. We
cannot determine whether the transformed cells are similar to neuron cells, since current research only shows that the transformed
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cells are infinitely close to neurons. The IPSC mentioned above can
be directly injected into animals to simulate the treatment, which
needs to be improved from a clinical point of view, because we are
not sure whether direct injection into the human body is effective,
and whether it will affect other organs. This article will provide
suggestions for the treatment of Alzheimer’s disease.
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CONCLUSION

Alzheimer’s disease is an irreversible chronic disease, which often occurs in the elderly. At present, there are many factors that
can cause Alzheimer’s disease, such as genetic factors and environmental factors. When gene mutation occurs, APP metabolism
will be abnormal, resulting in APP that cannot be degraded, so it
will accumulate in the body, which will increase the production
of Aβ. Or when there is a problem in the degradation of Aβ, it
will also lead to the accumulation of Aβ in the body. When too
much Aβ accumulates, oxidative stress will occur, leading to the
shortening and death of neurons. So, the neurotoxicity of Aβ can
lead to Alzheimer’s disease. After Alzheimer’s disease, each Tau
protein can contain 5-9 phosphate groups. Hyperphosphorylation
can make microtubules active and affect microtubule function. At
the same time, Aβ is an inflammatory stimulator in the brain, which
can activate cells to release inflammatory factors such as nitric oxide, and then oxidative stress reaction will occur. When the redox
reaction is destroyed, it will cause neuron death and DNA mutation,
and promote tau protein hyperphosphorylation, resulting in the
occurrence of Alzheimer’s disease.
At present, there is no effective treatment for Alzheimer’s disease, but there are some potential therapeutic methods proposed
by some researchers. The first protective mechanism is galanin in
the brain. Galanin not only protect against the neurotoxicity of
Aβ, but also the neurotoxicity caused by other factors. The second
one is resveratrol and estrogen, resveratrol can increase the expression of estrogen, the effect of them both can increase a variety of
antioxidant enzymes, and can reduce the number of Aβ, so as to
achieve the effect of Alzheimer’s disease treatment. Another possible treatment is the currently emerging technology called induced
pluripotent stem cells (IPSC), which allows researchers to convert
fibroblasts into neurons. It allows researchers to create different
kinds of cells, screen out effective drugs, and directly inject cells
into animals to simulate therapy. Through small molecule screening, it was found that the combination of FICB could increase the
gene expression of neurons and decrease the gene expression of
fibroblasts.
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State, and a total of over 29 million people have been infected
[1]. Given the highly diverse population of the country, it can be
clearly identified that racial and ethnic minority groups are disproportionally affected by the disease in terms of clinical outcomes.
As research on patients’ characteristics expanded, clearer metaanalysis results have shown that minority racial groups remained
to be under-represented while being at a higher risk of developing
graver symptoms and clinical outcomes such as higher ICU Admission and mortality rates [2]. Consistently, some genetic studies also
showed the possibility of gene expression differences influencing
COVID-19 susceptibility for minority racial groups [3]. However,
most of the existing studies have been conducted at the hospital
level with a limited number of patients, so considering that hospitals may be located in communities with a concentration of certain
racial groups, this can lead to an imbalance of data sources. Also,
different hospitals have different medical equipment, and it indirectly represents patients with different social resources which is
race-related. Hence, this paper argues for the significance of conducting researches using a more randomized and wider range of
data in order to minimize the specificity of the hospital data itself.
Therefore, this paper chose to wider data to assess risk factors of
race to determine the association between races and COVID-19
severe clinical outcomes to provide a solid result on the country’s
level. This study believes that comprehensive research into the
field will help people to understand the pathogenesis of COVID-19,
and provide a theoretical basis for new methods such as molecular
diagnosis and gene therapy. The study’s significance also lies in
revealing the racial inequality faced with the pandemic, also, it is
expected to help with carrying out proper health care policies both
during the pandemic and at the post-COVID stage, and to establish
targeted community public health and epidemic prevention systems. In particular, the research on racial risk factors should help
predict and identify risks in order to provide more personalized
health care and treatments. Considering that certain racial groups
have less access to health care services such as vaccinations, policymakers should also ensure the fair distribution of resources and
other health care services to minimize further disparities [4].

ABSTRACT
Ethnic and Racial minorities have been disproportionally affected
by COVID-19 which can be seen from a significantly higher hospitalization rate, ICU-admission rate, and mortality rate [1]. This
disparity has posed a great burden to certain racial groups, urging more studies to determine their vulnerability and the corresponding risk factors. This research used data from the Centers
for Disease Control and Prevention, and chose patients from the
US as a racially diverse sample. Logistic regression and categorical regression were conducted to identify the association between
their race and clinical outcomes (ICU-admission and Death). A randomized sample with a total of 80204 patients proportionally from
“Asian, Non-Hispanic”, “Black, Non-Hispanic”, “Hispanic/Latino”,
and “White, Non-Hispanic” are included. This study shows that,
given the same conditions of gender, hospitalization and medical
condition, Asian and Black racial minorities have a higher mortality rate (“Asian, Non-Hispanic”: 0, “Black, Non-Hispanic”: 95%,
-0.370 - -0.209), and are more likely to be ICU-admitted (“Asian,
Non-Hispanic”: 0, “Black, Non-Hispanic”: 95%, -0.364 - -0.0.176)
compared to White, Non-Hispanic individuals (Death: 95%, -0.725 -0.495; ICU-admission: 95%, -0.788 - -0.0.580,). This result shows its
consistency with the existing studies, and it also demonstrates the
importance of rebuilding the medical system and more realistically
reallocating resources as an agenda during and after the COVID-19
pandemic.
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INTRODUCTION

METHODS AND DATA COLLECTION

The study adopted the COVID-19 Case Surveillance Public Use
Data from the Centers for Disease Control and Prevention which
is granted access from the US government. Patients’ gender, age,
and race are included in the dataset along with features such as
hospitalization, ICU admission, and death. This study did not regard
hospitalization as one clinical outcome given that various hospitals
and institutions could have their own criteria and standards for
hospitalization, which could represent a very different level of a
patient’s state of illness after being diagnosed with COVID-19. As
a result, ICU admission and death were analyzed as the dependent
clinical outcome while hospitalization was taken as an independent
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Figure 1: The age distribution of COVID-19 patients
risk factor along with sex, medical condition, and race that could
attribute to ICU-admission or death.
Patients with any “Unknown”, “Missing” or “Other” characteristics are excluded for the sake of a clearer regression model. Given
the inadequate and missing data of some racial groups, this study
only includes the following: “Asian, Non-Hispanic”; “Black, NonHispanic”; “Hispanic/Latino” and “White, Non-Hispanic”.
The qualified data were further separated by age of: 0-9Years, 1019Years, 20-29Years, 30-39Years, 40-49Years, 50-59Years, 60-69Years,
70-79Years, and 80+Years. The racial group with the smallest population was chosen as the sample size for each age group, with
the other groups as the dummy variables for categorical regression
(“Asian, Non-Hispanic” as the smallest in every age group). Every
racial group is then randomized down to this size to avoid bias
from the original unbalanced data as it was dominated by a single
race. The outcomes studied in relation to different racial groups in
each age range were: ICU admission and death. For ICU admission,
patients aged 40+ are analyzed; for Death, patients aged 40+ are
discussed, given the size and feature of each age group’s sample.
Figure 1 shows a total of 80204 patients from different age groups
that are initially included in this study.
Logistic regression and categorical regression were employed in
the data analysis, and a p-value < 0.05 was considered significant.
In particular, “Black, Non-Hispanic”, “Hispanic/Latino” and “White,
Non-Hispanic” served as the dummy variables for race, and this
research plugged in 0 coefficient value to the dummy variables
when the individual belongs to “Asian, Non-Hispanic”. Table 1
presents the regression result of Race, Age, Sex, Medical condition,
Hospitalization, in the ICU dataset, and Table 2 shows the regression
result of Race, Age, Sex, Medical condition, Hospitalization in the
Death dataset.
For ICU admission, the regression has a Pseudo R-square of 45.9%
and p-value for all variables < 0.05. For death, the regression has a
Pseudo R-square of 53.5% and a p-value for all variables < 0.05. This
paper thus views the regression results as statistically significant.

3 RESULT
3.1 ICU ADMISSION
A total of 58,392 patients were included in this study. 14,598 (25%)
from each chosen racial group as the randomization result. The
regression on ICU admission shows the following: generally, hospitalization (coefficient = 5.80) is significantly related to ICU admission as it represents the patient’s severe state of illness after
being diagnosed; males (coefficient = 0.47) are more likely to be
ICU-admitted than females; people with a medical condition (coefficient = 0.53) are more likely to be admitted as well; elder people
have a higher risk in general. However, the data for age_group 80+
yielded a slightly different result, but this could be explained by the
relatively smaller sample size of patients aged 80+ years, and thus
we still consider older age can be considered as an important risk
factor for all population in general. Race plays a less prominent
role in determining the severity of clinical outcomes. However, the
different racial influences can still be noticed.
The study chose “Asian, Non-Hispanic” as the basis and the
other racial groups as the dummy variables. This study observed
negative coefficients for all other races that were included in this
study: -0.29 for “Black, Non-Hispanic” (p = 0.000), -0.10 for “Hispanic/Latino” (p = 0.019), -0.68 for “White, Non-Hispanic” (p =
0.000), which implies that Asian individuals are more likely to develop severe clinical outcome to be ICU-admitted than other racial
groups. Also, compared to “White, Non-Hispanic”, “Black, NonHispanic” and “Hispanic/Latino” have a higher probability of being
ICU-admitted. It can also be found that the p-value of 0.019 for
the “Hispanic/Latino” group is higher than that of other groups.
Nevertheless, it remains in the acceptable range which indicates
the result’s significance.

3.2

DEATH

A total of 50,815 patients were included in this study, 12,704 (25%)
from each chosen racial group as the randomization result. Similar to ICU-admission, male patients are generally at a higher risk
(coefficient = 0.53); medical condition (coefficient = 1.19) and hospitalization (coefficient = 3.17) still remain to be the significant risk
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Table 1: Race, Age, Gender, Medical condition of patients in ICU dataset<Logistic Regression Results 1: ICU admission>
coef
Intercept
-7.2700
sex[T.Male]
0.4684
medcond_yn[T.Yes]
0.5294
hosp_yn[T.Yes]
5.7943
race_ethnicity_combined[T.Black,Non- -0.2893
Hispanic]
race_ethnicity_combined[T.Hispanic/Latino]
-0.1040
race_ethnicity_combined[T.White,Non- -0.6842
Hispanic]
age_group[T.40-49 Years]
0.2539
age_group[T.50-59 Years]
0.5470
age_group[T.60-69 Years]
0.7206
age_group[T.70-79 Years]
0.8392
age_group[T.80+ Years]
0.6061

std err

z

P>|z|

[0.025 .975]

0.146
0.032
0.050
0.134
0.041

-49.647
14.505
10.546
43.114
-7.037

0.000
0.000
0.000
0.000
0.000

-7.557
0.405
0.431
5.531
-0.370

-6.983
0.532
0.628
6.058
-0.209

0.044
0.053

-2.345
-12.901

0.019
0.000

-0.191
-0.788

-0.017
-0.580

0.074
0.068
0.066
0.068
0.071

3.435
8.065
10.913
12.284
8.567

0.001
0.000
0.000
0.000
0.000

0.109
0.414
0.591
0.705
0.467

0.399
0.680
0.850
0.973
0.745

Dep, Variable: ICU_yes_1
Pseudo R-squ: 0.4586
Table 2: Race, Age, Gender, Medical condition of patients in Death dataset<Logistic Regression Results 2: Death>
coef
Intercept
-6.9665
sex[T.Male]
0.5315
medcond_yn[T.Yes]
1.1873
hosp_yn[T.Yes]
3.1262
race_ethnicity_combined[T.Black,Non- -0.2701
Hispanic]
race_ethnicity_combined[T.Hispanic/Latino]
-0.1648
race_ethnicity_combined[T.White,Non- -0.6100
Hispanic]
age_group[T.40-49 Years]
0.7870
age_group[T.50-59 Years]
1.4077
age_group[T.60-69 Years]
2.0272
age_group[T.70-79 Years]
2.5970
age_group[T.80+ Years]
3.3888

std err

z

P>|z|

[0.025 .975]

0.313
0.038
0.067
0.059
0.048

-53.009
14.094
17.684
52.816
-5.623

0.000
0.000
0.000
0.000
0.000

-7.224
0.458
1.056
3.010
-0.364

-6.709
0.605
1.319
3.242
-0.176

0.052
0.059

-3.190
-10.415

0.001
0.000

-0.266
-0.725

-0.064
-0.495

0.128
0.118
0.115
0.116
0.117

6.151
11.974
17.696
22.481
28.946

0.000
0.000
0.000
0.000
0.000

0.536
1.177
1.803
2.371
3.159

1.038
1.638
2.252
2.823
3.618

Dep. Variable: Death_yes_1
Pseudo R-squ: 0.4483
factors. The death rate is clearly higher for older individuals for all
racial groups, especially the people aged 80+ (coefficient = 3.39).
“Asian, Non-Hispanic” was still chosen as the basis, with the
other groups remained the dummy variables. Consistently, this
research observed negative coefficients for all other race that were
include in this regression: -0.27 for “Black, Non-Hispanic” (p =
0.000), -0.16 for “Hispanic/Latino” (p = 0.001), -0.61 for “White,
Non-Hispanic” (p = 0.000). “Asian, Non-Hispanic” individuals in
general, would have a higher mortality rate given all other conditions the same; “White, Non-Hispanic” individuals are less likely to
die from COVID-19 than other racial groups. “Black, Non-Hispanic”
individuals and “Hispanic/Latino” individuals could be facing similar risk. In the regression shown above, the mortality rate for

“Hispanic/Latino” individuals is higher given all other conditions
unchanged. However, given the possible inner dependency of our
variables, the study decided to run another regression considering ICU-admission being associated with death as well. The result
was considered consistent, that “Asian, Non-Hispanic” individuals
were at the highest risk and “White, Non-Hispanic” individuals
at the lowest risk. However, risks for “Black, Non-Hispanic” individuals (coefficient = -0.13, p = 0.013) would be slightly higher
than “Hispanic/Latino” individuals (coefficient = -0.16, p = 0.007).
This could be explained by the inner correlations of our variables
analyzed, but despite this difference, we believed our results stay
consistent with the existing findings that racial minorities are being
disproportionally affected by COVID-19 in terms of mortality rate.
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complete dataset. Second, this paper only considered part of patients’ demographic features but failed to obtain social or economic
characteristics that could be equally significant as what we have
analyzed. For instance, it has been pointed out that COVID-19 patients from ethnic minorities are more likely to live in a larger
household, which directly increases the chance of infection [9].
These characteristics of COVID-19 patients were not provided in
the original public use dataset by CDC, and the paper admitted the
significance of these social determinants that could largely affect
patients’ clinical outcomes.
It is useful to note that other studies have explored and emphasized the socioeconomic determinants involved in the impacts of
COVID-19 on different racial groups. One study done with data
from the emergency department of a New York City hospital has
shown that socioeconomic determinants such as marital status,
primary insurance, employment area turned out to be significantly
contributing to the COVID-19 infections and hospitalizations [10].
For the same purpose of including more possible determinants,
other studies with more detailed patients’ information also took
region zip codes as the income indicator. Nevertheless, most studies
were done in one hospital or institution, which could have limited
us from generalizing the result to the US population, and thus we
keep urging more data to be made public for research purposes.

DISCUSSION

Thus far, this study focused on COVID-19 severe clinical outcomes
of the patients’ ICU admission and death. The result is consistent
with most of the existing findings that racial minorities could be
facing a higher risk for developing more severe clinical outcomes,
in particular, Asian individuals are more vulnerable in general in
regardless of age, hospitalization and medical condition.
As analyzed in the regressions, medical conditions acted as an important attributor to the result. The original data does not show the
patients’ detailed information, and the studied sample suggests similar prevalence of medical conditions for all racial groups. However,
the study remained skeptical about medical condition’s impacts on
different racial groups in terms of their clinical outcomes. The study
then decided to look into the US demographic and some chronic
diseases’ prevalence among different racial populations, and hoped
the burden of disease for all US citizens stratified by race would
be consistent with the sample we obtained. It can be noticed that
the previous study has shown that chronic disease such as hypertension, diabetes, cardiovascular, pulmonary diseases, and kidney
diseases are the most prevalent underlying conditions in patients
infected by COVID-19 [5], and thus we speculated that the disparity of the rate of these chronic diseases among racial groups could
be leading to different clinical outcomes. Existing data from 2020
shows that Hispanic population, Asian, Non-Hispanic population,
and Black, Non-Hispanic population have significantly higher total
diabetes rates [6]; the prevalence of hypertension is also higher in
Black, Non-Hispanic than other racial groups [7], and other studies
have suggested similar result for other respiratory diseases. We
believe that a more precise regression model could be obtained, and
the result would be more persuading once the medical condition in
the public use data becomes more specified.
Researchers have already discovered the different expressions
of multiple COVID-19-related genes in European Americans and
African Americans populations, and the genes function differently
in SARS-CoV-2 uptake, endosomal trafficking, autophagy, and cytokine signaling [3]. Our research identifies the possibility of having similar explanations for other racial groups, and urges more
researches to be done based on the distinct prevalence of severe
symptoms in certain racial groups. Further, different types of novel
coronavirus variants appeared in different regions and among different racial groups, as can be seen in Brazil and India, this study
suggests that targeted prevention and treatment of COVID-19 could
yield more effective global responses. In addition to race, medical
condition is also treated as an important factor, therefore, this paper
sees the necessity of developing a personalized treatment that takes
both into consideration, as it has been discovered that a personalized approach to hospitalized patients would result in lower rates
of progression and mortality [8].
This study has some limitations. Firstly, in our study, different
randomized groups could yield different results even though the
conclusion could be similar. The study also observed some inconsistency in the result for “Hispanic/Latino” groups when choosing
different randomized data, that even though a similar result could
be seen, the p-value was out from the acceptable range. Considering
the great proportion of missing and unknown data in the original
data, we expected this problem to be solved with a balanced and

5

CONCLUSION

Here, based on the data of the US demographic, this study has
presented the association between race and COVID-19 clinical
outcomes (ICU-admission and Death). The clear disparity can be
concluded from the statistic that racial minorities have been disproportionally affected by COVID-19: “Asian, Non-Hispanic” and
“Black, Non-Hispanic” racial individuals have a higher mortality
rate and the rate being ICU-admitted. Possible explanations could
be inferred from the disparity of medical conditions that are related
to COVID-19 among different racial groups. However, certain racial
minorities are still poorly or under-represented, and patients’ social and economic determinants could not be obtained on the state
level, which has posed challenges for researchers to look at racial
inequality on a larger scale. Given the inequality in general that
has been long in place in the US, the study shows the urgency to
unpack the issue and determine the risk factors, especially during
the pandemic.
Studies on health inequality among races have been researched
in relation to poverty, social status, education, etc. Under the worldwide pandemic, we encourage more studies to be done to analyze
how multiple demographic and socioeconomic determinants are
influencing different racial groups’ vulnerability to COVID-19. For
instance, cross-country studies could be done to analyze COVID-19
impacts on different populations with different levels of health care
services, medical supplies, and other socioeconomic characteristics.
Second, we also urge that researchers should also be focusing on
more low and middle-income countries where racial minorities
could be suffering more from the low-income settings. Also, studies
on a population in which white ethnicity is not the majority are also
needed as it might help ascertain biological or genetic influences
on COVID-19 clinical outcomes, as has been pointed out by some
studies. Lastly, future studies are encouraged to be undertaken with
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more high-quality data, and we hope more shared resources from
the government and institutions would become accessible.
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