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Abstract. There is urgent need for accurate segmentation algorithms for infant brain magnetic resonance
(MR) images, which is significant for the development of infant brain science in the future. However, the
infant MR images brain segmentation is still an extremely challenged task since the fetus is in the process
of myelin formation and maturation, its brain tissue is not yet fully developed. There is poor contrast
between gray matter(GM) and white matter(WM) in brain tissues in both T1-weighted (T1w) and T2-
weighted (T2w) images. To solve this problem, we proposed a Dense-Fuse network, which can fully use
the ability of Dense Block feature multiplexing and information flow downward transfer, to preserve the
detailed features in poor contrast between GW and WM. In addition, the model also uses feature maps
fusion to achieve information complementary between different modal images, which is beneficial to make
full use of the superior information between different modalities. We compared with other methods at the
task of MICCAI iSeg-2017 Challenge. The results demonstrates that our model are very competitive and
are the optimal one according to multiple indicators.

Keywords: Infant Brain MRI Segmentation, Dense-Fuse Network,
iSeg-2017

1 Introductions

With the development of human brain science, we urgently need to study the development of different brain
tissues in understanding human cognitive ability. Infants are in the most active stage of brain development
after birth, and the rapid growth of tissues has brought a wide range of cognitive and action development[1].
Nevertheless, neonatal brain segmentation in MRI is still a challenging problem due to several factors, such as
reduced tissue contrast, increased noise, motion artifacts or ongoing white matter myelination in infants.From
the figure 1, we can observe that the contrast of GM and WM is very low.

In the proposed work, we propose a Dense-Fuse Network by analyzing the characteristics of infant brain
MRI, which is based on a 3D U-net architecture[2]. First, considering the low contrast between GM and WM, we
use Dense Block[3] as the main module to retrieve deep semantic information while ensuring the preservation of
shallow details. Then considering the information complementary between multi-modal imaging, we fuse Dense
modules to realize the complementary and fusion of information learned from different modality of networks.

In general, the contributions can be summarized as follows.
• We designed a Dense-Fuse module. The module can extract the details of MRI images and fuse different

modal information.
• We designed a Dense-Fuse network. The network based on a 3D U-net backbone model that effectively

preserves the contextual semantic information of 3D images and handles the superior information between
different modal MR images.

• We compared with other methods of the MICCAI iSeg-2017 Challenge. The results show that our model
are very competitive and are optimal according to indicators.

2 Prior work

In previous research, it was common to attempt to simulate anatomical variations in brain tissue using multiple
maps[4]. However, this method is difficult to overcome the anisotropy between rapidly developing brain tissues
in infants. At the same time, the labels necessary for this method also require a lot of time and effort from
medical professionals to obtain[5].

⋆ This work was supported in part by the National Natural Science Foundation of China under Grants 61571382,
81671766, 61571005, 61971369, 81671674, 61671309 and U1605252, in part by the Fundamental Research Funds for
the Central Universities under Grants 20720160075 and 20720180059, and the Natural Science Foundation of Fujian
Province of China (No.2017J01126).
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(a) subject1 T1 (b) subject1 T2 (c) subject1 label

(d) subject2 T1 (e) subject2 T2 (f) subject2 label

Fig. 1. T1w, T2w and label slices of some subject MRI images. It can be observed that the contrast of GM and WM is
very low.

With the successful application of deep convolutional neural networks in the field of image processing, many
methods have been introduced in medical images. For example, in brain segmentation for adult MR images,
many methods for improving the effects have been proposed and achieved good results[6][7][8][9][10]. However,
there are few studies on infant brain MRI images. The iSeg-2017 competition was proposed in the hope of making
up for the blank in the field of infant brain segmentation[11]. The competition is mainly used to segment brain
tissue such as cerebrospinal fluid(CSF), gray matter(GM) and white matter(WM)[8] through infant MRI, and
has become a well-known challenge in medical image segmentation.

2.1 Multi-modality Fusion

In the field of brain MRI processing, multimodal MRIs that have been processed in different ways are usually used
to solve different problems[9][20][6][8][19][17][15][13]. Because different modal images have different emphasis
display parts, which is beneficial to the distinction between different tissues, especially in the segmentation
field. To overcome the problem of extremely low tissue contrast between WM and GM, various works have
considered multiple modalities as the input to a CNN. In [20] MR-T1, T2 and fractional anisotropy (FA)
images are merged as the input of the network. By inputting three modes into three channels, we can learn
the features between different modes, and fuse the features to output the final results. [7] proposes a hyper-
densely connected 3D convolutional neural network that employs MR-T1 and T2 images as input, which are
processed independently in two separated paths. However, these methods still have many shortcomings. [18]
adopt a sliding-window strategy where regions defined by the window are processed one-byone. This leads to a
low efficiency and a non-structured prediction which reduces the segmentation accuracy. [13] Using 2D slice as
output, a lot of spatial information is lost. The connection of [7] is so complex that it is difficult to implement
it on data of other modes.

2.2 Deep Dense Network

Deep learning models learn the hierarchy of features by building advanced features from low-level features in
a data-driven manner[20]. From the perspective of feature extraction, the architecture in densenet[3] not only
greatly reduces the number of network parameters, but also mitigates the problem of gradient disappearance
through feature multiplexing and bypass settings. Suppose entering a image X0, the non-linear transformation
of the i layer is denoted as Hi(∗), layer i feature output is recorded as Xi. Then the output of the lth DenseBlock
can be expressed as

Xl = Hl([X0, X1, ..., Xl−1]). (1)

This method can effectively promote the transmission of information and realize the reuse of feature. The results
show that this method can achieve better results with fewer parameters. In this paper, we use DenseBlock module
to extract features, so as to retain more details.

2 ICONIP2019 Proceedings
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Accurate Infant Brain MRI Segmentation via 3D Dense-Fuse CNN 3

3 METHODS AND MATERIALS

3.1 Dense-Fuse module

Considering the characteristics of DenseBlock for feature extraction, it can not only ensure feature reuse, thus
retaining enough shallow detail information, but also realize information flow transmission. Therefore, this paper
takes Dense Block as the main module to fully preserve the infant’s detailed features while extracting the high-
level semantic information. However, only using this module can not effectively fuse the information between
different modal MRIs, so we fuse the output features of the two modal channels. We set the Dense block outputs
of different modes to DoutT1 and DoutT2, and the convolution operation can be expressed as Conv(∗), Then
the final output of the Dense-Fuse module DFoutT1 and DFoutT2 can be expressed as

DFoutT1 = DoutT1 + Conv(DoutT2),

DFoutT2 = DoutT2 + Conv(DoutT1).
(2)

where the “+” stands for concatenation operation. The dense-Fuse module we proposed is shown in the figure
2.

(a) densefude1 (b) densefude2

Fig. 2. Our proposed Dense-Fuse Block. More details are retained by leveraging the features of Dense block feature mul-
tiplexing and information streaming. Through modal fusion, information complementation between different modalities
is achieved. We use (a) in the down sampling stage and (b) in the upsampling stage.

3.2 Semantic supervision

In order to encode more semantic information in low-level features, we refer to the operation of experiment [21],
and add a multi-layer semantic supervision module after network downsampling. Semantic supervision refers to
the direct assignment of auxiliary supervision to the early stage of the encoder, which can effectively improve the
low-level features and make the features contain more useful information. In this paper, our semantic supervision
consists of simple deconvolution and convolution, each layer contains only a small number of feature maps.

3.3 Backbone

We propose a two-channel two-layer downsampling 3D U-net network as the backbone network, which can
effectively preserves the contextual semantic information of 3D images and handles the superior information
between different modal MRIs. In the place of network input, two modals are input into the network separately.

ICONIP2019 Proceedings 3
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4 X. Chen et al.

First, we use a convolution to change the number of featuremap into f . Then we input them into the Dense-
Fuse module mentioned above. The module enters two inputs and obtains two outputs. While integrating
the informations of different modes, it does not affect the continuous backward propagation of their modal
information. Because Denseblock can effectively implement feature multiplexing, it is easy to cause the number
of convolutions to expand rapidly, so we add convolution layers outside the module to reduce the number of
convolution layers. Because of the influence of concatenate operation, the size of input and output of this module
must be the same, so we use additional maxpooling and deconvlution operation to realize the size change of
featuremap. The Backbone network we proposed is shown in the Figure 3.

Fig. 3. Our proposed Dense-Fuse module, which first inputs images of different modes into Dense block, then convolutes
the output to obtain a feature map that integrates features of different layers, and finally fuses the two modes. In the
network output part, the two modes are merged by cancat to obtain the final segmentation result.

In order to minimize the network parameters, we use Dense-Fuse block shown in Figure 2(a). in the down-
sampling stage and Dense-Fuse block shown in Figure B in the deconvolution stage. This is because the WM
and GM contrast of infant brain MR images are small, and it is difficult to segment accurately. Therefore, more
convolution layers are used to fit the details in the next sampling stage. On the contrary, because the network
can easily cause the loss of detail information in deconvolution, we do not need too much convolution operation
in deconvolution operation.

4 ICONIP2019 Proceedings
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Table 1. Results of the ablation experiment on the training
data set

Method
CSF GM WM

DC HD AVD DC HD AVD DC HD AVD

our 95.53 1.00 1.64 89.27 1.00 11.40 85.98 1.73 20.66

Conv-Fuse 96.04 1.00 2.11 90.73 1.00 8.20 88.65 1.41 12.29

Res-Fuse 96.20 1.00 0.80 91.16 1.00 5.83 89.41 1.00 10.89

Dense w/o fuse 96.17 1.00 0.61 91.08 1.00 5.24 89.42 1.41 9.47

Dense-Fuse w/o ss 95.91 1.00 1.41 90.41 1.00 8.30 88.18 1.41 13.38

Dense-Fuse w ss 96.12 1.00 1.74 91.26 1.00 5.35 89.48 1.00 7.00

4 Experiments

4.1 Dataset and Evaluation

Dataset In this paper, we only use the data sets provided by the organizer of the competition. 10 infant subjects
(5 females/5 males) with manual labels were provided for training and 13 infant subjects (7 females/6 males)
were provided for testing[11]. Each subject include T1w and T2w MR images. the manual labels of testing
subjects are not provided to the participants for fair comparison. Each sample is usually a 256 ∗ 192 ∗ 168 3D
image. Due to memory limitations, we cut the data into 32 ∗ 32 ∗ 32 cubes, and randomly do it left and right,
flip it up and down to achieve data augmentation, and finally input it to the network,

Evaluation In order to fully compare the differences of each method, Three metrics are employed for evaluation:
Dice Coefficient(DC),The 95th-percentile of the Hausdorff distance(HD) and absolute volume difference (AVD).
DC represents the size of the intersection area of the segmentation result and groundtruth, and the higher the
index, the more accurate the segmentation is. HD and AVD values indicate boundary similarity, The lower the
result, the better[11].

4.2 Ablation Experiments

We have conducted extensive experiments to verify the effectiveness of our proposed module. In ablation exper-
iments, we divided the 10 training subjects into three categories, 7 for training, 2 for validation, and the last
for testing. The table shows the results of ablation experiments compare the pros and cons of the method by
comparing the test results.

Verify the Dense-Fuse module. The Dense-Fuse module and semantic supervision is the core point of this
paper. It can implement feature reuse and better preserve local details. In order to verify the role of the module,
we set up four sets of comparative tests. We will first replace the Denseblock proposed in this paper with
Convolution and Resblock, which we call Conv-Fuse and Res-Fuse network. By comparison of the Row 2,3 and
6 in Table 1, we can see Denseblock has better perform. At the same time, Res-Fuse has a better effect than
Conv-Fuse, which means that Denseblock feature multiplexing and information flow propagation can effectively
improve the segmentation effect. Similarly, we removed the fusion part to compare the effectiveness of the
Dense-Fuse module for the fusion between different modal MR images, which we called Dense w/o fuse. From
the comparison of the Row 4 and 6 in Table 1, we can see that fusion for GM, WM segmentation has a significant
improvement, but it is harmful for CSF, we think this is because CSF has reached over-fitting at this time.

Verify the Semantic supervision. We use semantic supervision to supervise low-level information and
embed more semantic information in low-level features to optimize the quality of low-level features.which we
called Dense-Fuse w/o ss, the compare of Row 5 and 6 show that the semantic supervision can effectively
improve the quality of segmentation.

4.3 Comparison with other methods

We tested the proposed model in the MICCAI iSeg2017 dataset. In this challenge, A total of 21 teams success-
fully submitted their results to iSeg-2017 before the official deadline. These include Sungkyunkwan University,
SEJONG University and Xidian University, etc. We have listed the results of the top ten and our test results
are shown in Table 2. In the official summary of the Challenge[11], the results of the top 8 and the code of 7 of

ICONIP2019 Proceedings 5
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Table 2. Results of compared to other experiments

Method
CSF GM WM

DC HD AVD DC HD AVD DC HD AVD

our 96.12 1.00 1.74 91.26 1.00 5.35 89.48 1.00 7.00

MSL SKKU[12] 96.08 1.00 1.84 91.92 1.00 4.31 90.08 1.00 6.53

LIVIA[10] 96.04 1.00 2.11 91.87 1.00 5.20 89.57 1.00 7.29

Bern IPMI 95.43 1.00 4.80 91.26 1.00 5.83 89.10 1.00 8.89

TU/e IMAG/e 95.06 1.00 7.61 90.04 1.41 8.24 89.00 1.41 9.47

NeuroMTL[16] 93.15 1.73 12.23 89.92 1.41 9.30 88.57 1.41 13.38

UPC DLMI 94.51 1.41 9.35 90.07 1.00 5.35 88.27 1.41 14.00

LRDE 92.78 1.73 1.74 88.57 1.73 13.35 86.10 1.73 17.82

them are provided. We used these codes to perform validation experiments with the same experimental setup
as the ablation experiments in section 4.2. As can be seen from the results in Table 2. Our model ranks in the
top three in all indicators, while the CSF indicators are optimal. However, GM and WM differ greatly from the
MSL SKKU[12] and LIVIA [10] because the part is poorly contrasted in the image and therefore more difficult
to segment.

Furthermore, we provided the segmentation results of the our model in Fig 4 and then compared them to
the ground-truth. According to the results of our CSF, GM, and WM, the edges of the segmentation results
are very smooth, and there is no obvious abrupt and error segmentation. From the comparison of the last two
columns of OUR and GT, there are many small CSFs interspersed in the GM in the red box, and our model
can still achieve accurate segmentation.

(a) T1 (b) T2 (c) CSF (d) GM (e) WM (f) OUR (g) GT

Fig. 4. Our segmentation results, each row represents a slice that is randomly selected. The first two columns are the
original image, the middle four columns are our segmentation results, and the last column is the ground truth.

5 Conclusions

In this paper, we propose a Dense-Fuse model for solving the problem of infant brain tissue segmentation. The
model backbone network is based on a 3D U-net architecture. The most important module of the model is
the Dense-Fuse module. By making full use of the ability of Dense Block feature multiplexing and information
flow downward transfer, the infant’s detailed features can be fully preserved, so as to solve the problem of
poor contrast between T1w and T2w in brain MRI images. In addition, the module also uses feature map
fusion to achieve information complementary between different modal images, which also makes full use of the
superior information between different modalities. Finally, we used the model in iSeg2017 organized by the

6 ICONIP2019 Proceedings
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famous conference MICCAI in the medical field. The results show that our model has obvious advantages and
achieved the best results on many indicators.
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Abstract. In medical real-world study (RWS), how to fully utilize the fragmentary and scarce information in model 

training to generate the solid diagnosis results is a challenging task. In this work, we introduce a novel multi-instance 

neural network, AMI-Net+, to train and predict from the incomplete and extremely imbalanced data. It is more effective 

than our previous work, AMI-Net. First, we still implement embedding, multi-head attention and gated attention-based 

multi-instance pooling to capture the relations of symptoms themselves and with the given disease. Besides, we propose 

various improvements to AMI-Net, that the cross-entropy loss is replaced by focal loss and a novel self-adaptive multi-

instance pooling method is used on instance-level to obtain the bag representation. We validate the performance of 

AMI-Net+ on two real-world datasets, from two different medical domains. Results show that our approach outper-

forms other baseline models by a considerable margin. 

Keywords: Incomplete Data, Imbalanced Data, Attention Mechanism, Multi-instance Learning, Deep Learning 

1 Introduction 

Worldwide, real-world study (RWS) has gained wide attention in recent years. However, when utilizing real-world data 

for studies, there are two main concerns [1]. First, data is always incomplete, since patients wouldn’t perform all exami-

nations in hospital, only necessary and required ones instead. Moreover, case patients are far less than control patients 

mostly, so from machine learning perspective, the dataset is always imbalanced. 

For dealing with the incomplete data, imputation-based techniques are the most common, in which feature vectors are 

normally in a high-dimensional space and missing values are imputed by assumptions, such as zeros, mean of the feature, 

k-nearest-neighbors (k-NN) based and Expectation-Maximization (EM) based values [2-4]. However, redundant features 

and inaccurate assumptions for missing values prevent the classifiers from achieving the better performance [5]. In this 

case, we address this problem in an alternative way that each patient’s record is viewed as a sentence with a bag of words, 

i.e., symptoms. Through embedding, each word is represented as an instance, a dense vector. A computational model is 

developed after to select the most informative instances and generate the diagnosis results based on them. This strategy 

avoids to make assumptions for incomplete data and focuses on the instance-level information to screen out a number of 

invalid features. It is also known as multi-instance learning (MIL) [6]. 

Multi-instance learning is first proposed for drug molecule activity prediction [7], in which training data is organized 

as a set of labeled bags and each bag is represented by a list of unlabeled instances. Through learning, the MIL models 

allow to classify new bags in terms of their containing instances. In most previous MIL studies, instances are pre-given 

or from manually designed instance generator, such as EM-DD, mi-SVM, mi-Graph and miFV [8-11]. While, for achiev-

ing better flexibility and tractability, multi-instance neural networks (MINN) have been proposed in recent years [12-15] 

and applied in many domains such as image classification, video annotation and text categorization [16-18]. In MINN, 

the generation of instance representation and the following learning process will be accomplished by the model itself. 

Also, various computational modules, such as attention mechanism which has been widely applied in image and text 

analysis [19, 20], can endow MINNs with the ability to automatically uncover not only the relations between bags and 

their containing instances, but also the relations among instances themselves [21]. 

In our proposed method, AMI-Net+, we use AMI-Net [22] as our underlying architecture, which is also a MINN with 

the following effective computational layers, multi-head attention [23], gated attention-based multi-instance pooling [13] 

and a set of fully connected layers. Besides, we propose a novel self-adaptive multi-instance pooling method on instance 

level to obtain the bag representation. For dealing with the imbalanced data, we propose to utilize the focal loss [24] 

instead of the common used cross-entropy. Focal loss is proposed in the object detection community to solve the problem 

of extreme foreground-background class imbalance and it performs very well. During model training, it reduces the at-

tention for well-classified candidates but to focus on the hard, less and misclassified ones. Inspired by this, focal loss is 

integrated in the neural network to make it much more robust to the imbalance data. 

The next section in this paper gives a brief review of background and related works. Then we introduce the details of 

AMI-Net+, followed by experiments and conclusion. 
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2 Related Work 

2.1 Multi-Instance Learning 

Common supervised learning is to learn a mapping function Ψ: Χ → Υ from the given dataset  {(𝑋1, 𝑌1), (𝑋2, 𝑌2) … , (𝑋𝑚, 𝑌𝑚)} 

where 𝑋𝑖 ∈ Χ is an instance, i.e., a feature vector and 𝑌𝑖 ∈ Υ is the corresponding label. Contrast to it, in MIL, the mapping 

function Ψ is from {(𝑋1, 𝑌1), (𝑋2, 𝑌2) … , (𝑋𝑚, 𝑌𝑚)} where 𝑋𝑖 ⊆ Χ is a bag of unlabeled instances {𝑥𝑖,1, 𝑥𝑖,2, … , 𝑥𝑖,𝑛𝑖
}, 𝑥𝑖,𝑗 ∈ ℝ𝑑×1 

and 𝑌𝑖 ⊆ Υ is a set of bag labels {𝑦𝑖,1, 𝑦𝑖,2, … , 𝑦𝑖,𝑝𝑖
}, where 𝑦𝑖,𝑞 ∈ {0, 1} [25]. 

For solving MIL problems, the standard assumption states that, for a specific class, the bag is labeled positive only if 

there contain one or more positive instances, otherwise, labeled negative. It can be formulated as follows: 

 𝑦𝑖,𝑞 =  {
1,        𝑖𝑓 ∃𝑥𝑖,𝑗 ∈ 𝑋𝑖: Ψ(𝑥𝑖,𝑗) = 1

0,        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                           
                                                                (1) 

This is the underlying assumption for many early MIL methods [26, 9, 27], in which all witnesses are not necessary to 

be identified as long as a positive one found, the bag is labeled positive. While in this way, the correlation and distribution 

of instances are neglected. For solving this, a more general assumption is proposed, which is as follows. 

 Ψ(𝑋𝑖) = 𝜓(𝜃𝑥𝑖,𝑗∈𝑋𝑖
𝜎(𝑥𝑖,𝑗))                                                                        (2) 

where 𝜎 is a suitable transformation and 𝜃 is a permutation invariance function, namely multi-instance pooling. About the 

𝜓, it is a scoring function to obtain the bag score (or bag probability). According to the different choices of choosing 𝜓, 𝜃 

and 𝜎, MIL methods falls into two main categories [22]:  

Instance-Level Approach. 𝜎 is implemented on instance embeddings to compute the instance and bag representations. 

𝜃 is the successive bag-level pooling for locating informative instances to calculate the bag score by a classifier 𝜓. 

Bag-Level Approach. 𝜎 is a classifier to compute the instance probabilities first. 𝜃 is then used for obtaining the bag 

score and 𝜓 is a simple linear transformation. 

In this paper, we integrate these two approaches to fully utilize the instance-to-bag relationship. Moreover, due to 

flexibility left by the above MIL underlying function, we parameterize the contained transformations, i.e., MINN. 

2.2 Multi-Instance Neural Network 

The idea of using MINN is first proposed by Ramon and Raedt [28] to estimate the bag scores through the bag-level 

approach. MINNs take a various number of instances as input to learn instance and bag representations gradually. Thanks 

to the parameterization, the networks are optimized through the back-propagation [29]. In MINNs, a key component for 

bridging instances to bags is the multi-instance pooling layer, which is applied on instance-level or bag-level to obtain 

the bag representation or bag score. 

There are mainly two ideas for choosing the multi-instance pooling methods, trainable ones or untrainable ones. Train-

able ones are more efficient to discover hidden patterns such as attention-based multi-instance pooling [13] and dynamic 

pooling [15]. While, untrainable ones, including max pooling, mean pooling, sum pooling, etc., are more stable and flex-

ible to implement. In our work, we adopt both methods on instance-level and bag-level respectively. In addition, when 

calculating the bag representation, the correlations of instances are essential to explore [30] and self-attention mechanism 

[23] shows its superiority in this respect. 

2.3 Self-Attention Mechanism 

Self-attention is first proposed by Vaswani et. al [23] in the transformer architecture, to capture the correlations of words 

from the source and target sentences for the machine translation task. Their work demonstrates the validity of self-atten-

tion to reveal the syntactic and semantic information in text. In recent years, it has been applied in different real-life 

application such as semantic role labeling and biological relationship extraction [31, 32]. 

Motivated by this idea, we propose to consider symptoms (i.e., instances) as words and explore their relations in dif-

ferent subspaces. 

3 Methodology 

3.1 Model Architecture 

The overview of AMI-Net+ is shown in Fig. 1, that it takes a bag of symptoms (i.e., instances) as input and through 

embedding layer, each instance is mapped to a dense vector as the instance embeddings. The multi-head attention [23] is  
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Fig. 1. The architecture of AMI-Net+ 

adopted after, followed by the layer normalization [33] and residual connection [34] to mine the instance correlations. 

Then we implement a set of fully connected layers to estimate the instance representations and the successive self-adaptive 

multi-instance pooling is on instance level to obtain the bag representation. For calculating the bag score, a gated attention-

based multi-instance pooling is developed on bag level. At last, sigmoid and focal loss [24] is used for supervision. 

3.2 Multi-Head Attention 

Initially, multi-head attention takes three dense vectors as input, named queries, keys and values. It aims to map a query 

and a set of key-value pairs to the weighted sum of values, where the weights assigned to values are computed by the 

cosine similarity-based function with the query and corresponding keys. Moreover, in practical use, multi-head attention 

contains two main computational modules, scaled dot-product attention, multi-head transformation. The whole process is 

depicted as Fig. 2. 

Scaled Dot-Product Attention. It takes the query, keys with 𝑑𝑘 dimensions, and values with 𝑑𝑣 dimensions as input and 

compute the cosine similarities, i.e., dot products, between the given query and all keys divided by a scaling factor √𝑑𝑘. 

The scaling factor makes sure that the stable gradient in back propagation. Then a softmax function is applied after to 

compute the weights of values. Since in our method, we aim for extracting correlations of instances, so queries, keys and 

values are instances themselves and the computation process is as follows: 

𝑠𝑖𝑚(𝑋, 𝑋) =
𝑋∙𝑋𝑇

√𝑑𝑘
                                                                                       (3) 

 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑋, 𝑋, 𝑋) = 𝑋 ∙ 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑠𝑖𝑚(𝑋, 𝑋))                                                        (4) 

where ∙ is element-wise product and 𝑋 is a bag of instance embeddings. 

Multi-Head Transformation. Instead of performing attention in a single space, multi-head transformation splits the 

embedding dimensions into a number of representation subspaces to compute attention in different subspaces parallelly. 

Then these are concatenated together and after a linear projection, the final output is obtained, as shown in Fig. 3. It allows 

to jointly access information from different representation subspaces. 

 ℎ𝑒𝑎𝑑ℎ = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑊1𝑋, 𝑊2𝑋, 𝑊3𝑋)                                                             (5) 

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑋, 𝑋, 𝑋) = 𝐶𝑜𝑛𝑐𝑎𝑡ℎ=1,2,…,𝐻{ℎ𝑒𝑎𝑑ℎ}𝑊4                                                   (6) 

where 𝑊1, 𝑊2, 𝑊3 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘, 𝑊4 ∈ ℝℎ𝑑𝑘×𝑑𝑚𝑜𝑑𝑒𝑙, H is the number of heads and ℎ𝑒𝑎𝑑𝑖 represents 𝑖𝑡ℎ subspace.  
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Fig. 2. The architecture of multi-head attention 

 

3.3 Self-Adaptive Multi-Instance Pooling 

We propose a novel pooling method, self-adaptive multi-instance pooling, on instance-level to learn bag representation 

for successive classification. The input is instance representations and various untrainable pooling methods are applied to 

obtain a set of bag representations. Each one of them is considered as a view or a way to describe this bag. Inspired by 

the multi-view learning and ensemble learning, we concatenate all bag representations followed by a dense layer to cal-

culate the weighted sum of different views. Let X be a bag of N instances with K dimensions, and we formulate the 

proposed method as: 

  ∀𝑗=1,2,…,𝑁∶  𝑣𝑖𝑒𝑤𝑣 = 𝑃𝑜𝑜𝑙𝑖𝑛𝑔𝑘=1,2,…,𝐾{𝑥𝑗,𝑘}                                                           (7) 

  𝑆𝑒𝑙𝑓𝐴𝑑𝑎𝑝𝑡𝑖𝑣𝑒 = 𝐶𝑜𝑛𝑐𝑎𝑡𝑣=1,2,…,𝑉{𝑣𝑖𝑒𝑤𝑣}𝑊𝑣                                                        (8) 

where 𝑊𝑣 ∈ ℝ𝑉×1, 𝑥 ∈ 𝑋 and V is the number of selected pooling methods. In this paper, we use max pooling, mean pool-

ing, sum pooling and log-sum-exp pooling. 

3.4 Gated Attention-Based Multi-Instance Pooling 

In medical domain, the number of features is usually far more than the ones actually used. Therefore, how to allow the 

neural network to pay more attention on the instances most likely to be labeled as positive is an essential task. In our 

work, we propose to implement the gated attention-based multi-instance pooling on bag-level to locate the informative 

instances and explore the relations between instances and the given label. The process is as follows: 

  𝐺𝑎𝑡𝑒𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 =  𝑆 ∙ 𝑀𝑒𝑎𝑛𝑚=1,2,…,𝑀{𝑅𝑚}                                                         (9) 

  𝑆 =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑔𝑎𝑡𝑒)                                                                       (10) 

  𝑔𝑎𝑡𝑒 =  𝑊1
𝑇(𝑡𝑎𝑛ℎ (𝑅𝑊2) ∙ 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑅𝑊3))                                                           (11) 

where 𝑊2, 𝑊3 ∈ ℝ𝑀×𝑀, 𝑊1 ∈ ℝ𝑀×1 and R is the bag representation with M embeddings from self-adaptive multi-instance 

pooling. The gate mechanism [35] is computed (See formula 11) for enhancing the expressiveness of the complex and 

non-linearity, which the 𝑡𝑎𝑛ℎ function lacks.  

In principle, gated attention-based pooling endows the model with the ability to assign different weights to instances 

within a bag, that also makes the model interpretable. 

3.5 Focal Loss 

For addressing the extreme imbalance problem, we propose to replace the cross-entropy loss with focal loss, which allows 

to guide the model focuses on the hard and misclassified samples [24]. After each feed forward, we obtain the bag prob-

ability 𝑦𝑝𝑟𝑒𝑑 and the corresponding bag label is 𝑦𝑡𝑟𝑢𝑒. In order to optimize our AMI-Net+, the focal loss is computed as: 
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          𝑝𝑡 = {
  𝑦𝑝𝑟𝑒𝑑              𝑖𝑓 𝑦𝑡𝑟𝑢𝑒 = 1          

  1 − 𝑦𝑝𝑟𝑒𝑑      𝑖𝑓 𝑦𝑡𝑟𝑢𝑒 = 0          
                                                                (12) 

  𝐹𝑜𝑐𝑎𝑙𝐿𝑜𝑠𝑠 =  −𝛼(1 − 𝑝𝑡)𝛾𝑙𝑜𝑔 (𝑝𝑡)                                                              (13) 

where 𝛾 ≥ 0 is the tunable focusing parameter, which reduces the loss contribution of easily classified samples, and 𝛼 is 

a balance factor. In the experiments, we found that 𝛾 = 2 and 𝛼 = 0.25 achieved the best performance. 

4 Experiments 

4.1 Data Description 

We evaluated the AMI-Net+ performance on two real-world medical datasets from traditional Chinese medicine (TCM) 

and western medicine (WM) respectively. In these two datasets, patients’ symptoms are all standardized descriptive words 

or terms with the binary classification target. The examples are shown in Table 1. 

Traditional Chinese Medicine. The TCM dataset is collected from clinical records of diabetic patients in a Chinese 

Medical Hospital in Beijing. There are 1617 patients and 186 different symptoms in the dataset. Each patient has a various 

number of symptoms, 1 at least and 17 at most. We aim for predicting whether they have meridian obstruction, a disease 

in TCM. Moreover, there are 1436 control and only 181 case patients, so the dataset is extremely imbalanced. 

Western Medicine. The WM dataset is collected by the Medicinovo Inc. in Beijing and all included patients were with 

schizophrenia. The objective of our method is to predict whether their disease would recur within three months. In the 

dataset, 3927 patients are included and there are 88 medical features in total, such as married, high levels of prolactin and 

the total course is large than 3 years. For each patient, there are at most 21 features and 5 at least. Also, the dataset is 

extremely imbalanced that there only exist 224 positive labels out of 3927. The positive rate is only 0.057. 

Table 1. Examples of TCM and WM datasets. 

Dataset Features Diagnosis 

TCM 
Urine color yellow, Sweat, Pruritus, Coldness of 

extremities, Perspiration 
Meridian Obstruction 

WM 

Personal income 3000~5000, Unmarried, LOS<10 

days, MECT<=1, Onset age<17, Total 

course<1095 days, Lorazepam tablets=0.5mg 

Schizophrenia Relapse 

 

4.2 Experimental Setup 

We first padded each record to the maximum length and embedded each medical feature or symptom to a dense vector 

with 512 dimensions. In multi-head attention, 4 and 8 heads were used on TCM and WM datasets respectively. Then the 

hidden sizes of two following fully connected layers were set to 256 and 128 respectively. About the final focal loss, we 

set the 𝛼 and 𝛾 to 0.25 and 2 and adam optimizer was applied to minimize it over the training data. In adam, we set the 

learning rate to 1𝑒−5, 𝜀 to 1𝑒−8 and the momentum parameters 𝛽1, 𝛽2 were set to 0.9 and 0.98 respectively. We used 

AUC, Accuracy, Precision and Recall as the evaluation metrics. During the training process, the number of epochs was 

500 and the batch size was 64. Moreover, the early stopping was utilized to select the best model in terms of the AUC 

score. For the fair comparison, we ran the experiments using 5-fold cross-validation. 

In addition, about baseline models, we developed logistic regression (LR), support vector machine (SVM), random 

forest (RF), XGBoost (XGB), mi-Net, MI-Net, MI-Net with DS, MI-Net with RC, attention and gated attention based 

MINN (Att. Net, Gated Att. Net) [36-39, 14, 13]. Among them, LR, SVM, RF and XGB were all classic machine learning 

algorithms and constructed on the dataset in one-hot format with zero imputation. Also, the parameters of baseline models 

were tuned according to the AUC scores over the validation dataset. 

5 Results and Analysis 

5.1 Comparison with Baseline Models 

The results of performance comparison with baseline models are shown in Table 2. Our proposed method performs best 

in terms of the AUC and recall scores, demonstrating its superiority in capture informative features of an extremely small 

number of positive samples. It is very vital in medical diagnosis, since for each patient, diseases cannot be missed. How-

ever, due to difficulties to collect sufficient positive samples, it is a challenging task. For instance, the two mainstream 
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algorithms RF and XGB even cannot find any positive samples in the evaluation dataset. Moreover, according to Preci-

sion, AUC and Recall scores, MINNs (mi-Net, MI-Net, Att. Net etc.) perform much better than other classic machine 

learning methods (LR, SVM, RF and XGB), which demonstrates the better feasibility of MIL methods in many real-life 

applications, medical domain especially. 

Table 2. Performance comparison on TCM and WM datasets. 

Models 
TCM WM 

AUC Accuracy Precision Recall  AUC Accuracy Precision Recall 

LR 0.760 0.944 0.200 0.017  0.755 0.882 0.396 0.116 

SVM 0.657 0.946 0 0  0.703 0.889 0 0 

RF 0.767 0.946 0 0  0.737 0.889 0 0 

XGBoost 0.706 0.945 0.100 0.007  0.729 0.886 0.327 0.063 

mi-Net 0.565 0.624 0.088 0.469  0.597 0.641 0.220 0.422 

MI-Net 0.545 0.787 0.154 0.251  0.665 0.813 0.364 0.414 

MI-Net+DS 0.510 0.621 0.045 0.383  0.586 0.731 0.358 0.290 

MI-Net+RC 0.588 0.867 0.313 0.228  0596 0.861 0.353 0.358 

Att. Net 0.608 0.849 0.342 0.143  0.642 0.861 0.368 0.244 

Gated Att. Net 0.576 0.832 0.248 0.140  0.607 0.755 0.319 0.354 

AMI-Net 0.702 0.907 0.356 0.283  0.702 0.818 0.399 0.468 

AMI-Net+ 0.774 0.779 0.301 0.689  0.761 0.802 0.165 0.644 

                                                          Worst Performance                                   Best Performance      

 

 

 

Fig. 3. Comparison of different number of heads in the multi-

head attention. 

 

Fig. 4. Comparison of different multi-instance pooling methods 

on instance level

 

5.2 Comparison of Different Number of Heads 

In this section, we aim for evaluating how different number of heads in the multi-head attention influence the model 

performance. The experiment was conducted on both datasets with 0, 4, 8, 16 and 32 heads, where 0 denoted that we 

didn’t implement multi-head attention in our method. The model performance was measured by the AUC score. As shown 

in Fig. 3, the model without multi-head attention performs much worse than others, indicating its necessity to capture the 

correlations of clinical features before classification. 

In addition, the model with 8 heads is the best choice on WM dataset, meaning that clinical features in WM dataset 

mostly correlated to each other in 8 aspects. And on TCM dataset, when using 4 heads, the model explores symptom 

correlations most efficiently and performs the best. This experimental result is also consistent to the TCM knowledge, 

that TCM symptoms are all collected from four following methods, inspection, listening and smelling, inquiry and pulse-

taking, representing four aspects of the body condition.  

5.3 Comparison of Different Multi-Instance Pooling Methods 

When using different multi-instance pooling methods on instance level, we tested how the model performed in terms of 

the AUC score. Since max pooling and attention-based pooling had been shown to be superior [14, 13], we used them as 
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baselines. The results (See Fig. 4) show that our proposed pooling method demonstrates its efficacy and performs best. 

In addition, the max pooling behaves worst, indicating that capturing the information in one embedding dimension would 

be insufficient for representing an instance. 

5.4 Evaluation of Focal Loss 

For analyzing the behavior of focal loss (FL), we compared the model performance with it and cross-entropy loss (CE) 

on both datasets. As shown in Table 3, the model with FL is much better on identifying positive samples than CE. Alt-

hough the Accuracy and Precision scores are lower than CE, in extremely imbalanced data, Recall score is more important, 

since if the full prediction is 0, the Accuracy score is still 0.946. In general, FL enables our approach simple and highly 

effective to solve the problem of extremely imbalanced data. 

Table 3. Performance comparison of focal loss and cross-entropy loss. 

Loss 
TCM WM 

AUC Accuracy Precision Recall  AUC Accuracy Precision Recall 

FL 0.774 0.779 0.301 0.689  0.761 0.802 0.165 0.644 

CE 0.746 0.863 0.391 0.394  0.707 0.939 0.398 0.204 

                                                         Worst Performance                                     Best Performance  

6 Conclusion 

This paper attempts to solve the problem of incomplete and extremely imbalanced data with a novel multi-instance neural 

network, AMI-Net+, in which a multi-head attention and gated attention based multi-instance pooling method are applied 

to capture the correlations of symptoms and the informative ones. Also, a novel instance-level multi-instance pooling 

method is proposed to obtain the better bag representation. At last, the common used cross-entropy loss is replaced by the 

focal loss. The experimental results indicate that the proposed method performs much better than all other baseline models 

in terms of the AUC and Recall scores. 

The study demonstrates the superiority and feasibility of AMI-Net+ in real-life medical applications and real-world 

studies. 
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Abstract. Digital-Health intervention (DHI) are used by health care providers to promote engagement within
community. Effective assignment of participants into DHI programs helps increasing benefits from the most
suitable intervention. A major challenge with the roll-out and implementation of DHI, is in assigning partic-
ipants into different interventions. The use of biopsychosocial model [18] for this purpose is not wide spread,
due to limited personalized interventions formed on evidence-based data-driven models.
Machine learning has changed the way data extraction and interpretation works by involving automatic sets
of generic methods that have replaced the traditional statistical techniques. In this paper, we propose to in-
vestigate relevance of machine learning for this purpose and is carried out by studying different non-linear
classifiers and compare their prediction accuracy to evaluate their suitability. Further, as a novel contribution,
real-life biopsychosocial features are used as input in this study. The results help in developing an appropriate
predictive classication model to assign participants into the most suitable DHI. We analyze biopsychosocial
data generated from a DHI program and study their feature characteristics using scatter plots. While scatter
plots are unable to reveal the linear relationships in the data-set, the use of classifiers can successfully identify
which features are suitable predictors of mental ill health.

Keywords: Biopsychosocial model · Digital-Health interventions · non-linear classifiers · Machine Learning ·
DASS score · mental ill health · mindfulness · physical activity.

1 Introduction

Digital-Health interventions (DHI) are programs that are delivered via digital technologies such as smart phones,
websites and text messaging. DHI programs [2] have an enormous potential as scale-able tools to enhance health
and health care delivery by improving effectiveness, accessibility, safety and personalization [11]. These programs
are increasingly being used to promote mindfulness and physical activity based approaches in health and lifestyle, as
part of public health campaigns [13]. The framework of DHI programs enables the easy collection and consolidation
of biopsychosocial data. Machine Learning(ML) which refers to an algorithmic framework that can provide insights
into data, while facilitating inference and providing a tentative setting to determine functional relationships [16], is
being used increasingly to develop different aspects of smart DHI. ML methods for classification have been used in
various domains, such as financial trading [7], remote sensing [9] and spam classification [5]. Ludwig and Piovoso [6],
describe the comparative performance of three types of ML classifiers for selecting money managers. In the area of
biological data, classification problems have been solved on Electroencephalography (EEG) data, survey data on
health and drug use, arrhythmia data and many more [3, 4]. ML has been applied extensively on data-sets such as
image, text, sound, motion and signal. In health-care, classifiers have been used to classify, predict and assess the
risk of hypertension by observing the dynamic changes in pulse waves [19]. In spite of significant applications of
ML based classifiers in different domains, there have been very few applications of classifiers on DHI [17]. In health
care sector, the first Digital-Health platform (portal.life-guard.dk) with built-in personal coaching uses intelligent
algorithm that enables educated coaches to tailor individual plans for exercise, diet and mental well-being [1].
However, to the best of our knowledge, there has been no work reported in the application of ML methods for
DHI related application. In this paper we propose to investigate the relevance of ML, study and compare different
non-linear classifiers that uses real life biopsychosocial features as input, and compare their prediction accuracy
to evaluate their suitability. The results help in developing an appropriate predictive classification model to assign
participants into the most suitable DHI.

In this paper we use biopsychosocial real life data which is based on the biopsychosocial model of health and has been
generated from a DHI program that assigned participants into the mindfulness and physical activity interventions.
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Various input features of the biopsychosocial data are exploited to evaluate different categories of popular classifiers
and compare their performance. The study reported paves the way for using historical biopsychosocial features
to a-priori determine the suitability of a specific intervention type for an individual participant. The rest of the
paper is organized as follows. Section 2 provides an overview of the biopsychosocial model and the biopsychosocial
data-set generated from the DHI program. Section 3 describes the method used for the study. Section 4 details the
experimental studies carried out using the classifiers. Section 5 presents discussion of results and section 6 provides
the conclusion.

2 Biopsychosocial model

The biopsychosocial model of health proposes that illness and health are a result of an interaction between biological,
psychological and social factors. This model of health is widely used in research and complex health care interven-
tions, and is the basis of World Health Organizations International Classification of Functioning(WHO ICF) [18].
The progressive understanding of the biopsychosocial model prompted the science of medicine to gradually move
away from bio-medical model and evolved to incorporate and integrate the psychological and social components
that impact well being [14]. The use of biopsychosocial model in clinical care and especially research remains low,
because its framework cannot be defined in a consistent way for an individual patient in the absence of relevant
personal historical biopsychosocial data. This makes the biopsychosocial model complicated, for application in a
clinical setting [15].

2.1 Digital- Health Interventions (DHI)

The biopsychosocial data-set, as part of DHI program, has been generated in a research environment, by the Faculty
of Health (FOH); at Federation University Australia in 2015. Local Australian volunteers, aged between 19 to 59
participated in this experiment. The goal of this program is to investigate which of the participants among the
intervention groups, benefit from the interventions conducted. We analyze the data-set generated from DHI and
identify which biopsychosocial features are suitable predictors of mental ill health described by the Depression
Anxiety and Stress Scale (DASS). The use of DASS to describe mental ill health is elaborated in the subsequent
section. The participants were randomly assigned to one of the two interventions in the experimental group or to
the control wait-list group. The participants in mindfulness or physical activity interventions undertook activities
which were relevant to that group, during the experiment period that lasted up-to 12 weeks. The participants in
both the intervention programs were examined for biological, psychological and social conditions as part of various
tests.

At the start of the intervention, the participants are given biological tests, neuro-cognitive test and survey questions
that enable in assessing their levels of emotions, negative feelings, optimism and perceived psychological stress level.
Scales, namely, Perceived Stress Scale(PSS), DASS (Depression Anxiety and Stress Scale), Kessler scale (K6),
Difficulty in Emotion Regulation scale (DERS), Mental Health Continuum scale (MHC) and Life Orientation Test
(LOT), encapsulate the test level values. At the end of the intervention, all the above mentioned tests are repeated,
and the test level values are captured again.

2.2 Feature categories

The biopsychosocial features used in this study are divided into 5 main categories:

1. Demographic data : consists of features such as age and gender obtained during screening and demographic
survey. The features - employment area and income were excluded from the study.

2. Self reported levels : includes features such as social support, religiousness, physical health, mental health and
quality of life. Each of these features were self reported values supplied by the participants on a Likert scale
prior to the start of DHI. The self reported measure of medication was excluded from study.

3. Test scale levels : consists of the features such as:
(a) DASS level : measures distress along 3 axes of depression, anxiety and stress and equated them to clinical

levels. DASS has been used to describe the measure of mental ill health
(b) K6 level : measures general psychological distress
(c) DERS level : measures how people managed their emotions
(d) MAAS level : measures how mindful the person is
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(e) MHC level and LOT level : measures well-being and optimism.
4. Psychological test levels : consists of features such as PEBL [10] Go/No-Go test mean accuracy, trail test total

time and stroop test total errors for each participant. These features are derived from the computerized neuro-
cognitive tests that were conducted to measure cognitive flexibility, selective attention and response inhibition.

5. Biological test levels : consists of the cortisol level (cortisol is a hormone, which is mainly released at times of
stress and manages many important body functions) and blood proteins (BDNF, iL-6) level, recorded at the
start of the intervention during week 1. Blood proteins data was not used due to missing data values.

For the present study, the levels of all the biopsychosocial features were recorded at the start of the intervention
period. The DASS level measured the negative affect states which included stress, depressive and anxiety symptoms
(mental ill health). The DASS level was recorded at the start and at the end of the intervention period. DASS
label Improvement was used if the DASS level at the end of intervention was less than the DASS level recorded at
the start of the intervention. DASS label No Improvement was used if the DASS level at the end of intervention
remained same or was greater than the DASS level recorded at the start of the intervention.

3 The Method

The biopsychosocial features are derived from the biopsychosocial data-set. We propose to apply a score to each
biopsychosocial feature during analysis to enable:

1. applying a single biological score to a set of four cortisol level readings recorded on a single day that changed
over time

2. regularizing the scores for the different biopsychosocial features to make them consistent; so that they can be
used within classifiers as input features

3. computing correlation coefficient on a 2 dimensional scale.

The output DASS score and the input biopsychosocial features are applied for comparing the ten classifiers
mentioned below. Following are the salient factors related to the proposed approach for DHI data analysis.

3.1 Computation of cortisol level score

Cortisol is a steroid hormone that regulates a wide range of processes throughout the body including metabolism,
immune response and also helps the body to respond to stress. The drool method (method used to collect oral fluid
for biological testing) was used for data collection of cortisol levels. The cortisol readings obtained at the start of
the intervention (during week 1) has been used for this study. The 4 readings denoted by S1 (20 mins after wake),
S2 (60 mins after wake), S3 (mid day) and S4 (evening) were recorded. We propose to use the AUCG [8] method
to compute the single cortisol score from the set of 4 readings.

3.2 Feature scaling

The biopsychosocial data-set contains 18 features. We propose to apply a feature score by normalizing and re-
scaling the data value for each feature. Each feature value (excluding gender and age) will be normalized by linearly
re-scaling the data values using the observed minimum and maximum values for that feature, into a new arbitrary
range of 0 to 1. The formula used for scaling is given by:

(featV al −min(featV al1 : featV aln))

(max(featV al1 : featV aln) −min(featV al1 : featV aln))

where featVal refers to the feature value, min is minimum observed value of the feature and max is the maximum
observed value of the feature.

3.3 Trail test reaction time

The trail test reaction time data was generated from PEBL [10] tests. In our earlier research [12], we had established
that neurocognitive reaction time data is best represented by Gamma distribution. In our study, we propose to use
the Gamma ‘Cumulative Distribution Function (CDF)’, for the analysis of trail test reaction time data.
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3.4 Correlation between features

The biopsychosocial data used for this study is rich in variety, and with high dimensionality (consisting of 18 input
features). However, the number of samples that could be used for the study was limited owing to missing data.
Given the nature of the data-set, imputation of missing biopsychosocial data is very challenging, and it can result
in inaccurate imputed values. The correlation between the three biopsychosocial disciplines will be analyzed using
the Pearson correlation coefficient. In order to compute the correlation coefficient, the large set of 18 feature scores
will be reduced to 3 feature scores; one for each discipline(i.e. biology, psychology and social). A single mean score
for each discipline of the biopsychosocial data-set will be computed using the simple average of the features scores.
The mean scores for each of the biopsychosocial dimensions will be used to explore the linear relationship between
them and the DASS result at the end of the mindfulness intervention.

3.5 Classification

We propose to evaluate ten popular classifiers to ascertain which set or subset of biopsychosocial features affect the
mental ill health of the participant measured as the DASS score; at the end of the DHI program. These classifiers
are: Support Vector Machines(SVM), decision trees, random forests, logistic regression, Näıve Bayes, stochastic
gradient descent, linear discriminant analysis, extra tree classifier, bagging classifier and neural net. The choice of
these classifiers are based on their robustness to small data-sets. The following are key considerations for modeling
the classifiers:

1. Classifier parameter optimization : We propose to use the grid search function to scan the data-set to configure
optimal parameters for the classifier. The Python GridSearchCV function will be used for classifiers - SVM,
decision trees, random forests and neural net.

2. Number of hidden layers and nodes in neural network : We propose to use one hidden layer to keep the classifier
model simple and enable the data points to be separated non-linearly. We will use the same number of nodes
for the neural net classifier as the number of input features. This decision is made based on test runs carried
out on the neural network classifier with different number of nodes on the hidden layer. In the test runs, the
highest prediction accuracy was seen when the number of nodes are the same as the number of input features.

4 Experimental studies

In this section, we first carry out the scatter plot analysis to examine if a linear relationship exists between the
different biopsychosocial features. Subsequently, we apply the ten popular classifiers to the biopsychosocial data-set
for their comparative evaluation.

4.1 Data-set

The following table describes the participant data-set used for this study. The data-set of 18 participants (11 from
mindfulness program and 7 from physical activity program) was expanded to 90 samples, using data augmentation
by introducing noise around each feature data point.

Table 1. Data summary

Mindfulness
program

Physical activity
program

Number of participants 11 7
Number of features 18 18
Binary classification group - 1 Improvement in DASS Improvement in DASS
Binary classification group - 2 No Improvement in DASS No Improvement in DASS

4.2 Scatter plot analysis

The correlation between the mean scores in each of the biopsychosocial dimensions was described using scatter
plots. The Pearson correlation coefficient value r was computed. The correlation scores for the different dimensions
of the biopsychosocial data-set are summarized in Table 2.
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Table 2. Correlation scores (Note: Figures in bold indicate significant values)

DASS label
Dimensions compared

count
Pearson correlation

r

Improvement bio and psycho 0.55783
No improvement bio and psycho 0.3880
Improvement psycho and social 0.4079
No improvement psycho and social 0.4580
Improvement bio and social 0.4079
No improvement bio and social 0.4580

The following conclusions were drawn from the scatter plots:

1. There is a moderate positive correlation (see Figure 1) between mean biological and mean psychological scores
to indicate Improvement in the DASS score for the participants at the end of the mindfulness intervention. The
correlation coefficient is given by r=0.55783

2. No linear correlation exists between mean biological, psychological and social scores of the biopsychosocial
data-set to indicate any DASS score Improvement or No Improvement (see Figure 2).

Fig. 1. Correlation between biological and psychological features to indicate improvement in DASS score

Although scatter plots are a good tool to statically visualize linear relationships, they cannot reveal the non-
linear relationships between features in multiple dimensions. In our pursuit to study the undercurrent influence
of the biopsychosocial factors to assign participants into effective DHI in future, we compared different non-linear
classifiers to ascertain which set or subset of these biopsychosocial features affect mental ill health of the participant,
measured by the DASS score. The prediction accuracy of these classifiers has been compared based on predicted
output DASS score and the input biopsychosocial features.

4.3 Comparison of classifiers

We compared 10 non-linear classifiers to determine the underlying relationship between the biopsychosocial features.
The application of machine learning methods on the real-life biopsychosocial data-set has not been done before and
is unique to this study. The biopsychosocial data in this study was gathered using a structured DHI program and
this adds credibility to this unique data-set. The present study used the biopsychosocial data of 18 participants
assigned to mindfulness program and the target label used was - Improvement or No Improvement in DASS score.
The data-set of 18 participants was expanded to 90, using data augmentation by introducing noise around each
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Fig. 2. No linear correlation between biological, psychological and social features to indicate DASS Improvement or No
Improvement. The values on axes are from 0 to 1 (normalized and re-scaled).

feature data point. Each data point was surrounded with 4 noise data points by adding and subtracting 10 % and
20% to the original data value. The classifiers were trained on the training set of 90 records (known observations
- biopsychosocial feature set of the mindfulness group); using the Leave One Out (LOO) method. Thereafter the
classifiers were tested on the unseen set of 16 records (biopsychosocial feature set of the physical activity group), to
determine the classifiers prediction accuracy. The classifiers used different combinations of input features from the
biopsychosocial data-set to enable a comparative study of their prediction accuracy. A comparative study of the
classifier prediction accuracy is provided in the following tables. Classifier prediction accuracy has been described
as the ratio of the number of correct predictions to the total number of input samples. The classifiers classified the
given set of samples into two groups: Binary classification group - 1 that described the improvement in DASS and
Binary classification group - 2 that described no improvement in DASS. Interesting influences of the biopsychosocial
features on the classifiers are described below.

Table 3. Classifiers using 18 biopsychosocial features as input and their prediction accuracy.

Classifier
Feature
count

Prediction accuracy
Physical activity group

Prediction accuracy
Mindfulness group

Neural net 18 0.4375 0.38889
Bagging classifier 18 0.4375 0.55556
Extra test classifier 18 0.625 0.55556
Linear discriminant analysis 18 0.625 0.44444
Stochastic gradient descent 18 0.5625 0.5
Näıve Bayes 18 0.4375 0.38889
Logistic regression 18 0.5625 0.55556
Random forest 18 0.375 0.5
Decision trees 18 0.5625 0.61111
SVM 18 0.5625 0.61111

1. Table 3 shows that majority of classifiers perform better than a random prediction accuracy of 50%; when
all the biopsychosocial features are used for training the classifier. Extra tree classifier and linear discriminant
analysis show high prediction accuracy for mindfulness intervention (at 62.5%). Decision trees and SVM show
high prediction accuracy for the physical activity intervention (at 61.1%).
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Table 4. Classifiers using 3 biological features as input and their prediction accuracy.

Classifier
Feature
count

Prediction accuracy
Physical activity group

Neural net 3 0.5625
Bagging classifier 3 0.5625
Extra test classifier 3 0.4375
Linear discriminant analysis 3 0.5
Stochastic gradient descent 3 0.3125
Näıve Bayes 3 0.4375
Logistic regression 3 0.5
Random forest 3 0.5
Decision trees 3 0.4375
SVM 3 0.4375

Table 5. Classifiers using 5 psychological features as input and their prediction accuracy.

Classifier
Feature
count

Prediction accuracy
Physical activity group

Neural net 5 0.5
Bagging classifier 5 0.5
Extra test classifier 5 0.5625
Linear discriminant analysis 5 0.5
Stochastic gradient descent 5 0.5625
Näıve Bayes 5 0.5
Logistic regression 5 0.5
Random forest 5 0.5625
Decision trees 5 0.5625
SVM 5 0.5625

Table 6. Classifiers using 14 social features as input and their prediction accuracy.

Classifier
Feature
count

Prediction accuracy
Physical activity group

Neural net 14 0.5625
Bagging classifier 14 0.5625
Extra test classifier 14 0.5
Linear discriminant analysis 14 0.4375
Stochastic gradient descent 14 0.375
Näıve Bayes 14 0.375
Logistic regression 14 0.4375
Random forest 14 0.5
Decision trees 14 0.5
SVM 14 0.5625

2. Table 4 and Table 6 show that fewer classifiers perform fairly when only the biological features or only social
features are used for training the classifier.

3. Table 5 shows that more number of classifier (5 out of 10), perform fairly when only psychological features are
used for training. However the prediction accuracy of these classifiers are lower (at 56.25%), compared to the
case where all the biopsychosocial features are used for training the classifier.

4. Table 7 shows that other combinations of biopsychosocial features used for training the classifiers, do not result
in higher prediction accuracy compared to what is achieved by using all the biopsychosocial features for training
the classifier.
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Table 7. Classifiers using combinations of biopsychosocial features as input and their prediction accuracy on unseen test set
(physical activity group).

Classifier Bio and Psycho Psycho and Social Social and Bio

Neural net 0.5625 0.5625 0.5625
Bagging classifier 0.5625 0.375 0.3125
Extra test classifier 0.4375 0.5625 0.4375
Linear discriminant analysis 0.5625 0.5 0.4375
Stochastic gradient descent 0.5 0.5 0.4375
Näıve Bayes 0.375 0.4375 0.4375
Logistic regression 0.5 0.3125 0.375
Random forest 0.375 0.43755 0.4375
Decision trees 0.375 0.4375 0.4375
SVM 0.5625 0.5625 0.5625

5 Discussion

The addition of data points using noise enabled us to effectively apply the classifiers thereby reducing over-fitting
and avoid poor performance. The additional data points make the input space smoother and easier for training.
Although the biological data - cortisol level, was clinically obtained and was of good quality, the feature values of
social data, in the form of self reported scores is subjective and only as good as the interest level of the participant.
The prediction accuracy of the classification model affected by the sparsity of the biopsychosocial data-set and
the quality of the feature values in the data-set, can be further improved by improvements in field data collection
techniques. The biopsychosocial data-set used for this study, being from an earlier conducted DHI program, its
objective was different to the proposed research. In this study, we have used the DASS to measure mental ill health
and examined the prediction accuracy of the ML methods to predict which intervention is more suitable, based
on the underlying biopsychosocial features. Realizing that most/all the participants were not clinical, it is possible
that little changes can occur during the intervention period. The framework of DHI program that conducted the
biopsychosocial tests partly focused on the DASS variables as part of the social data that was collected in the form
of Test scale levels. More integrated tests spanning the three dimensions of the biopsychosocial model within the
framework of DHI program will enable use of the data-set more productively.

6 Conclusion

DHI programs have an enormous potential to improve health-care. These programs are at the intersection of
technology and health-care. Machine learning has changed the way data extraction and interpretation works by
involving automatic sets of generic methods that have replaced the traditional statistical techniques. In this paper,
we used ML and non-linear classifiers on real-life biopsychosocial features, compared their prediction accuracy and
evaluated their suitability to a DHI. DASS score has been identified as a successful metric for indication of mental
ill health. The experimental studies indicate while the methods such as scatter plots were unable to reveal the
linear relationship between the features of the biopsychosocial data- set, the ML approach has been successful in
identifying which features are appropriate as predictors of mental ill health. Prediction accuracy of classification
models was seen to improve when all biopsychosocial features are considered as input features compared to using
features from just one or two domains. Classifiers such as extra tree classifier and linear discriminant analysis showed
high prediction accuracy (at 62.5%) in the mindfulness group and decision trees and SVM showed high prediction
accuracy (at 61.1%) in the physical activity group. While the research work focused on establishing the relevance
of ML approach for DHI, the prediction accuracy can, indeed, be improved further by improved classifier design
and data collection. The work in this paper opens up avenues for further research in using classification models for
patient assignment into DHI programs.
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Abstract. Upper limb functional assessment plays an important role in rehabilitation protocols after stroke.
The current assessment process is labour-intensive and relies heavily on clinical experience. In order to objec-
tively quantify the upper-limb motor impairments in post-stroke hemiparetic patients, this study proposes a
novel assessment method capable of fusing kinematic data and surface electromyography (sEMG) signals. Dur-
ing goal-directed movements, multi-modal data were collected synchronously, and the intra-channel statistical
features were served as the inputs of different single-modality classifiers. In addition, inter-channel synergies
were quantified at the kinematic and muscular levels. Then, the outputs of single-modality classifiers and
synergy quantification were integrated by a multi-modal fusion scheme, and three types of machine learning
algorithms were tested in the assessment framework. Experimental results demonstrated the classification ac-
curacy was improved to 94.4% by integrating the intra-channel and inter-channel characteristics from different
modalities, and the assessment output exhibited a high consistency with the score of Fugl-Meyer Assessmen-
t (FMA). The promising performance suggests that the proposed method has the potential to evaluate the
effectiveness of post-stroke rehabilitation.

Keywords: Post-stroke hemiparesis ·Upper limb functional assessment ·Motor synergies ·Multi-modal fusion.

1 Introduction

Stroke is one of the most frequent causes of long-term disability in humans, and is induced by intracerebral haem-
orrhage or infarction [1]. Most post-stroke patients are left with severe upper-limb motor deficits and experience
limitations in ADLs (activities of daily living) [2]. Long-term rehabilitation is considered essential to the recovery
of motor function in these patients. At the beginning of rehabilitation, functional assessment establishes a baseline
and determines the directions of interventions. At the end of therapeutic interventions, the same assessment is used
to evaluate the functional improvement and treatment efficacy [3].

Conventionally, the assessment process is manually performed by clinicians through observation-based measures,
such as Brunnstrom stage of recovery [4] and Fugl-Meyer assessment (FMA) [5]. The conventional evaluation
methods depend heavily on clinical experience and hence result in subjective outcome. To facilitate the objective
and quantitative movement analysis, most previous studies have taken traditional clinical evaluation as a design
reference and used motion capture technology to acquire kinematic data of arm movements [6]. An important
limitation of such approaches is the ignorance of the abnormal muscle coactivation responsible for the observable
kinematic aspects [7].Therefore, to truly improve the objectivity, sensitivity and reliability of upper-limb function
assessment, both kinematic and muscular levels should be considered in the assessment system.

Furthermore, there are evidences that stroke can induce pathological synergies between shoulder and elbow
joints [4], and stroke survivors frequently have abnormal flexion and extension synergies. These pathological multi-
joint synergies can be partially attributed to abnormal coactivation between muscles [8], for example, the coupling
of shoulder adduction with elbow extension could be due to the increased activation of pectoralis major and the
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61720106012, 61533016, 61421004) and Beijing Natural Science Foundation (Grant L172050), and also supported by
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limited activation of anterior deltoid. Consequently, muscle synergies are the major source of kinematic synergies,
and the combinations of them can be utilized as reliable markers of patients functional status in the assessment of
upper-limb motor function.

In order to automatically recognize the pathological patterns in patients, machine learning techniques have been
widely used as automated classifiers in recent years, which could provide qualitative and quantitative information
for clinical assessment. Many researchers applied classic classification algorithms to evaluate upper-limb motor
impairments, including neural network [9], support vector machine [10], and random forest [11]. However, most
applications of machine learning in upper-limb function assessment have been so far limited to single-modal charac-
teristics (e.g., kinematics), which might lead to insufficient identification of impairments and one-sided evaluation
outcomes.

In this study, we develop a novel multi-modal assessment framework to analyze motor synergies and eval-
uate upper-limb motor function. Kinematic data and surface electromyography (sEMG) signals were collected
synchronously during the feasible yet challenging reach-to grasp tasks, and served as the inputs of the fusion frame-
work. There were two single-modality classifiers emphasizing the evaluation of intra-channel statistical features
at the kinematic and muscular levels. In addition, kinematic and muscle synergies were quantified by principal
component analysis (PCA) and k Weighted Angular Similarity (kWAS), which focused on the evaluation of inter-
channel coactivated features. To integrate the outputs of single-modality classifiers and synergy quantification, a
multi-modal fusion scheme was established and three types of machine learning algorithms (support vector machine
(SVM), backpropagation neural network (BPNN) and random forest (RF)) were tested in the assessment frame-
work. Under the proposed multi-modal framework, the upper limb movement disorders of post-stroke hemiparetic
patients can be reliably recognized and the assessment result exhibited high consistency with the score of standard
clinical tests.

The remaining parts of this study are organized as follows: Section 2 introduces our experimental set-up and
the acquisition of multi-modal data. Section 3 details the multi-modal fusion framework. Then experimental results
are presented and discussed in Section 4, and Section 5 concludes the paper.

2 Experimental Methods

2.1 Participants

Our experiments were conducted in China Rehabilitation Research Center (Beijing Bo’ai Hospital), and recruited
ten post-stroke hemiparetic patients (7 males, 3 females, mean age 44.5 ± 16.2) from the hospital. This study
included ten healthy controls (6 males, 4 females, mean age 42.3 ± 10).

The inclusion criteria for patients selection included: 1) the subject has experienced a first-ever ischemic or
hemorrhagic stroke; 2) unilateral hemispheric lesions revealed by computed tomography or magnetic resonance
imaging; 3) no major post-stroke complication; 4) no severe cognitive deficits; 5) able to accomplish unsupported
upper-limb reaching movement (at Brunnstrom III and above). In addition, inclusion criteria for control subjects
were able-bodied, and no history of neurological or musculoskeletal-related disabilities.

This research was reviewed and approved by the Ethics Committee of China Rehabilitation Research Center.
Written informed consent was signed by each subject prior to inclusion in the study.

2.2 Experimental Apparatus and Data Acquisition

In order to elicit goal-directed reach-to-grasp movements of different positions and directions, we developed an
experimental platform with rotatable targets. There were nine cylindrical cups fixed on the plate by magnets, which
could be rotated to the corresponding degree (see Fig. 1(a)). Multi-modal data was collected synchronously during
the goal-directed movements, including kinematic data and electrophysiological data. Specifically, we captured
kinematic data at 200Hz using a six-camera optical motion tracking system (Qualisys AB, Gothenburg, Sweden).
Eleven Qualisys super-spherical markers were attached to the participant’s upper limb at anatomical positions (see
Fig. 1(b)). For the acquisition of sEMG, a Biomonitor ME6000 (Mega Electronics Ltd., Kuopio, Finland) was used,
and ten-channel sEMG signals were recorded at 1000 Hz. Surface electrodes were attached to ten major muscles
according to human anatomical locations (see Fig. 1(b)). The above acquisition processes of multi-modal data were
synchronized via Qualisys Track Manager Software (Qualisys, Sweden).
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(a)

(b)

Fig. 1. Experimental set-up. (a) Illustration of the reaching task and reach-to-grasp tasks of different directions. (b) Marker
placement: acromion, head of humerus, superior angle of scapula, medial edge of the humerus, head of radius, olecranon,
medial edge of the forearm, styloid process of radius, styloid process of ulna, second metacarpal bones, and fifth metacarpal
bones. Surface electrodes placement: pronator teres, biceps brachii long head, triceps brachii lateral head, deltoid anterior
head, deltoid middle head, deltoid posterior head, pectoralis major, upper trapezius, brachioradialis, and extensor digitorum.

2.3 Experimental Protocol

In this study, we designed four experimental tasks consisting of one reaching task and three reach-to-grasp tasks of
different directions, with the aim to assess the upper-limb motor capabilities in various postures. The post-stroke
participants were instructed to perform tasks with their affected arm, and the healthy control group performed the
same tasks with the dominant arm. Participants were seated on a straight-backed chair with the hips and knees
flexed 90◦. In the initial posture, the paretic/ dominant arm rested on the center of the tabletop which was marked
as the starting position, and the other arm rested on the ipsilateral thigh.

Within the reaching task, each participant used his/her index finger to point each of the nine targets successively.
Within the reach-to-grasp task, the participant was instructed to make reaching movements and grasp each handle
in a comfortable posture. For the three reach-to-grasp tasks, the orientations of handles for grasping were 0◦, 45◦,
90◦ relative to the direction of gravity, respectively. After a verbal ’go’ signal, participants moved from the starting
position to point or grasp the instructed target, and then returned to the initial posture. It is worth noting that
the completion of the four tasks was considered as a successful trial, and there were at least three trails for a single
participant. In all experiments, participants were instructed to keep the back against the chair with the aim to
decrease compensatory trunk movements.

2.4 Data Preprocessing

For kinematic data, three-dimensional coordinates of markers were low-pass filtered with a fourth-order Butterworth
filter at 6 Hz. Then we calculated the joint angles for seven primary arm motions, i.e., shoulder internal-external rota-
tion, shoulder flexion-extension, shoulder adduction-abduction, elbow flexion-extension, wrist supination-pronation,
wrist flexion-extension, and wrist radio-ulnar deviation. In addition, the swivel angle was also calculated to repre-
sent the the characteristics of human arm redundancy resolution. The mathematical calculations used to derive the
joint angle and swivel angle can be found in [12].

For electrophysiological data, the ten-channel sEMG signals were band-pass filtered from 20 to 200 Hz, which can
remove DC offset and high-frequency noise. Then we applied full-wave rectification to convert the EMG amplitude
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Fig. 2. Multi-modal data fusion architecture for upper extremity functional assessment.

to positive value. After the above steps, a low-pass Butterworth filter with cutoff frequency 5 Hz was adopted
to eliminate high-frequency noise introduced by full-wave rectification, and obtain the smooth envelope of sEMG
signals.

3 Multi-modal Data Fusion Framework for Synergies Analysis and Functional
Assessment

In this section, the preprocessed kinematic data and sEMG signals were further analyzed by a multi-modal data
fusion framework (see Fig. 2). For the analysis of intra-channel statistical features , single-modality classifiers were
established at the kinematic and muscular levels, respectively. For the quantification of inter-channel coactivated
features, PCA and kWAS were applied to kinematic synergies and muscle synergies. Then, the outputs of single-
modality classifiers and synergy quantification were fused to achieve comprehensive assessment of upper extremity
functional status.

3.1 Single-modality Classifier

The upper-limb assessment system consists of two single-modality classifiers, which emphasize the evaluation at the
kinematic and muscular levels, respectively. Three types of machine learning algorithms were adopted to construct
candidate classifiers, including SVM, BPNN and RF. Specifically, we built the SVM classifier with a radial basis
kernel function (RBF), and estimated posterior probabilities from the output by Platts method [13]. The BPNN
consisted of three layers, which adopted sigmoid function as the activation function of output layer, and optimized
the weights and biases by the gradient descent algorithm.

For kinematics-based classifier, the input feature vector included the statistical features of the joint angles and
swivel angle, i.e., average (AVG) and standard deviation (SD), which can quantify abnormal joint trajectory and
redundancy resolution in patients with stroke. For sEMG-based classifier, mean absolute value (MAV) and SD were
utilized as the the input feature vector, with aim to quantify the impairment in muscle activation. Therefore, the
feature vector of the two single-modality classifiers can be uniformly defined as:

Qm = {υmt1 , υmt2 , υmt3 , υmt4} , (1)
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where m is the number of modalities, υmt1 , υ
m
t2 , υ

m
t3 and υmt4 denotes the statistical features of the reaching task

and reach-to-grasp tasks (0◦/ 45◦/ 90◦), respectively. When m = 1, Q1 represents the input vector of sixty-four
dimensions fed to the kinematics-based classifier, and when m = 2, Q2 is the input vector of eighty dimensions for
the sEMG-based classifier.

Based on the input feature vector, the output vector of the single-modality classifier can be described as:

dm = fm(Qm), (2)

where fm denotes the candidate classifier of the mth modality, and dm is the corresponding predicted probability
which represents the possibility of each participant’s motion pattern belonging to a certain class.

3.2 Quantification of Upper-limb Synergies

In order to quantitatively describe kinematic and muscle synergies in post-stroke hemiparetic patients, we applied
PCA and kWAS to differentiate the synergies in patients and healthy controls. The evaluation procedure can be
summarized as follows:

(1) For each participant, the preprocessed kinematic data of the four different tasks in a trial were pooled
together and standardized, then eigenvectors and eigenvalues were calculated based on the correlation matrix.
Further, principal components (PCs) can be extracted from the observation samples. As each PC described a linear
combination of joint angles, the extracted PCs represented kinematic synergies in the goal-directed movements.
Similarly, muscle synergies can be described by PCs calculated from ten-channel sEMG signals.

(2) Once kinematic and muscle synergies was characterized mathematically, the difference between the patho-
logical and normal synergies can be quantified at the kinematic and muscular levels. We adopted the kWAS [14]
to compare the subspace spanned by the set of PCs across participants. Thus, the angular similarity of two such
subspaces can be calculated according to

ψ (S1, S2) =
1

2

n∑
i=1

(σi/ n∑
j=1

σj + λi

/
n∑

j=1

λj) |ui · vi|

, (3)

where σi and λi are the ith eigenvalues corresponding to the eigenvectors ui and vi of different correlation matrices,
respectively. For the evaluation of altered joint coordination, S1 and S2 represent the kinematic synergies extracted
from a single participant and the health control group, n = 7 determines that all inter-joint synergies are considered.
Similar computation was carried out to examine the changes in muscle synergies, and n = 10 retains all coactivation
patterns of ten major muscles.

Consequently, for each participant, ψks and ψms quantitatively described the impairments in kinematic synergies
and muscle synergies, which can provide objective evaluation of functional status. It can be verified that the value
of ψks and ψms ranges over [0, 1], and the smaller value indicates the worse motor functional status.

3.3 Multi-modal Fusion Scheme

To reliably distinguish pathological postural patterns from normal movement patterns and to comprehensively
analyze the upper-limb motor function in post-stroke patients, a multi-modal fusion scheme was proposed in this
study, and three fusion algorithms were employed, including kernel learning algorithm (SVM), neural networks
(BPNN) and probabilistic models (RF). The input feature vector of the fusion model contained the outcome
prediction of intra-channel statistical features and inter-channel synergies analysis, thus the four probabilities were
integrated to construct the input vector:

Y = G(dk, dm, ψks, ψms), (4)

where dk and dm are the predicted probabilities of the kinematics-based and sEMG-based classifiers respectively,
ψks and ψms are the evaluation outcomes of kinematic synergies and muscle synergies respectively, G denotes the
fusion algorithm, and Y is the multi-modal predicted probability.

In order to achieve effective training of the multi-modal fusion model, the following procedures were worthy of
note. Firstly, all participants’ datasets were pooled together and divided into three non-overlapping parts, which
were set to 40%, 30% and 30% of the whole dataset. Subsequently, the first part and corresponding ground-truth
labels were applied to build candidate single-modality classifiers. In the next step, the second part was utilized
to test above classifiers with aims to select the optimal single-modality classifier at the kinematic and muscular
levels. The outputs of optimal single-modality classifiers were integrated with evaluation outcomes of synergies to
construct a new input feature vector. Then the input feature and corresponding ground-truth label were utilized to
build the multi-modal fusion model. In addition, the remaining 20% were employed as the testing dataset.
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4 Experimental Results

4.1 Performance of Qualitative Classification

In this study, we employed accuracy, precision and recall to evaluate the performance of qualitative classification,
which can be formulated as:

Acc =
TP + TN

TP + FN + FP + TN
, Pre =

TP

TP + FP
, Rec =

TP

TP + FN
, (5)

where TP and FP denote the number of the true and false post-stroke patient identification, respectively; TN and
FN denote the number of the true and false normal person identification, respectively.

For the six candidate single-modality classifiers, the classification performance was measured based on the testing
set. Table 1 summarizes the overall accuracy, precision and recall derived from each single-modality classifier, and
the optimal results for each modality are highlighted in pink. As can be seen, SVM achieved 83.3% accuracy and
maximized F1-measure in kinematic data classification, which outperformed BPNN and RF classification models.
For sEMG signals, BPNN-based classifier demonstrated good performance as evident from the higher accuracy
(88.9% compared to 88.3% and 77.8%) and higher F1-measure (88.9% compared to 82.4% and 80.0%). It is worth
noting that above optimal single-modality classifiers were consistent with the results from the training set.

Table 1. Overall Accuracy (%), Precision (%) and Recall (%) of Different Single-modality Classifiers

Kinematics-Based
Classifier

sEMG-Based
ClassifierPerformance

Measures SVM BPNN RF SVM BPNN RF
Accuracy 83.3 77.8 77.8 83.3 88.9 77.8
Precision 85.7 75.0 83.3 77.8 80.0 66.7
Recall 75.0 75.0 62.5 87.5 100.0 100.0

F1-measure 80.0 75.0 71.4 82.4 88.9 80.0

In order to explore whether the quantification of upper-limb synergies can be beneficial to the assessment system,
only outputs of single-modality classifiers were fed to the multi-modal fusion model, and the model was retrained
with the strategy in Section 3.3. Table 2 presents the performance of the incomplete and complete fusion models,
and the optimal fusion results are shown in pink highlighted cells. Under the original fusion architecture, SVM and
BPNN displayed the best classification performance with the accuracy of 94.4%, and the classification accuracy was
improved by 5.5% compared with the incomplete fusion model. It supports our hypothesis that the evaluation of
upper-limb synergies has a positive effect on overall performance of the assessment system.

Table 2. Overall Accuracy (%), Precision (%) and Recall (%) of Different Multi-modal Fusion Models

Multi-Modal Fusion Scheme
(Without Synergies Analysis)

Multi-Modal Fusion Scheme
(Including Synergies Analysis)Performance

Measures SVM BPNN RF SVM BPNN RF

Accuracy 88.9 88.9 83.3 94.4 94.4 88.9
Precision 80.0 80.0 85.7 88.9 88.9 80.0
Recall 100.0 100.0 75.0 100.0 100.0 100.0

F1-measure 88.9 88.9 80.0 94.1 94.1 88.9

To further explore the optimal algorithms for the complete and incomplete fusion models, receiver operating
characteristic (ROC) curves [15] were plotted and the area under the ROC curve (AUC) values were calculated.
Fig. 3 depicts the ROC curves of two multi-modal fusion schemes. It can be seen that SVM attained higher AUC
value than the other two fusion algorithms in each scheme. By integrating inter-channel synergies analysis at the
kinematic and muscular levels, the SVM-based fusion model displayed superior performance in distinguishing the
pathological movement characteristics (0.9750 compared to 0.9250).

30 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 15, No. 4



0 0.2 0.4 0.6 0.8 1

False positive rate

(b)

0

0.2

0.4

0.6

0.8

1

T
ru

e
 p

o
si

ti
v

e
 r

a
te

ROC Curves for multi-modal fusion scheme

(including synergies analysis)

SVM (AUC=0.9750)

BPNN (AUC=0.9250)

RF (AUC=0.9250)

0 0.2 0.4 0.6 0.8 1

False positive rate

(a)

0

0.2

0.4

0.6

0.8

1

T
ru

e
 p

o
si

ti
v

e
 r

a
te

ROC Curves for multi-modal fusion scheme

(without synergies analysis)

SVM (AUC=0.9250)

BPNN (AUC=0.9150)

RF (AUC=0.8250)

Fig. 3. ROC curves and AUC values for (a) the multi-modal fusion scheme without synergies analysis and (b) the multi-modal
fusion scheme including synergies analysis.

By comparing the optimal classification performance of single-modality classifiers and multi-modal fusion models,
we can conclude that the integration of multi-modal characteristics can improve the general classification accuracy,
and further improvement was achieved when the quantification of motor synergies were incorporated into the fusion
scheme.

4.2 Performance of Quantitative Assessment

As the predicted probability of the single-modality classifiers or multi-modal fusion model can represent the possi-
bility of the participant’s motion pattern belonging to a certain class, a quantitative assessment score was derived
from the probability, which named as upper-limb function score (ULFS). The ULFS ranges over [0, 1], and the value
is closer to 1 when the upper-limb motor ability approaches normal status.

In order to verify the effectiveness of the proposed assessment method, the correlation between the ULFS and the
score of Fugl-Meyer Assessment-Upper Extremity (FMA-UE) was explored by using Pearson correlation test with
a significance level of 0.05. Prior to the experiment, each post-stroke participant was examined by an experienced
therapist for the FMA test. FMA-UE scores range over [0, 66], and a lower score indicates that the upper limb
motor abnormality is more extensive. Based on the qualitative classification performance described in Section 4.1,
the four optimal classifiers were chosen as representatives to investigate their quantitative assessment performance
on the testing set. The correlation between the ULFSs and FMA-UE scores is depicted in Fig. 4, and the Pearson
correlation coefficient for each condition is shown in subgraph.

It can be seen that there was an obvious positive correlation between the ULFSs and FMA-UE scores (P < 0.05),
indicating a linear relationship between two kinds of scores. Furthermore, the highest correlation coefficient was
achieved by the multi-modal fusion model (R = 0.8093, P = 0.0150), which substantiated that the outcome exhib-
ited high consistency with the clinical score of the traditional assessment test, and hence the proposed multi-modal
assessment method has the potential to provide quantitative diagnosis for clinical decision-making.

5 Conclusion

This study proposes a novel assessment framework capable of fusing kinematic data and sEMG signals, with
aims to analyze upper-limb synergies and assess upper-limb motor deficits. The contribution of this framework
is to integrate the evaluation outcomes from different modalities, which emphasize both intra-channel statistical
features and inter-channel coactivated features. For the kinematic level and muscular level, two optimal single-
modality classifiers were built to delineate movement disorders that impair upper-limb motor ability, as well as
the abnormal muscle coactivation responsible for the observable motor deficit. In addition, the quantification of
muscle and kinematic synergies were utilized as reliable markers of upper extremity functional status in post-stroke
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Fig. 4. Correlation analysis between the ULFSs and FMA-UE scores for (a) kinematics-based classifier (SVM), (b) sEMG-
based classifier (BPNN), (c) multi-modal fusion scheme without synergies analysis (SVM), and (d) multi-modal fusion scheme
including synergies analysis (SVM).

hemiparetic patients. Furthermore, the outputs of different modal classifiers and synergy quantification were fused
by a multi-modal fusion scheme to achieve comprehensive assessment of upper-limb motor function. Experimental
results demonstrated that the proposed assessment method was capable of classifying post-stroke patients with high
accuracy (94.4%), and its outcomes exhibited good consistency with FMA-UE scores (R = 0.8093, P = 0.0150).

The obtained results suggest the feasibility of applying the proposed method into the clinical assessment for
post-stroke patients with upper limb hemiparesis, and the future research will concentrate on experiments involving
a larger population to improve the qualitative classification performance and quantitative assessment performance.
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A Study on Combing EEG signals and Crytography for Bitcoin security
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Abstract. In this paper, we propose two EEG-based systems including cryptographic key generation and (true) random
number generation to enhance Bitcoin security. The first system is based on the quasi-stationary characteristic of EEG
signals when analyzed in a sufficient short time window. With this quasi-stationary, stable EEG feaures are extracted and
corrected to generate cryptographic keys from EEG-based authentication for the protection of Bitcoin wallets. The second
one is based on the non-linear and chaotic characteristics of EEG signals. By mathematical transformation, EEG signals can
be transformed to be random binary sequences for the use of protecting digital signatures in Bitcoin transactions. Two EEG
datasets which are DEAP and GrazIIIa were used to validate the performance of the proposed system. Our experimental
results showed that both cryptographic keys and random numbers are securely derived with very high success rates and
very high rates of passing the standard statistical tests recommended by the National Institute of Standard and Technology
(NIST) for examining the quality of randomness, especially in cryptography applications.

Keywords: Brain-Computer Interface, Data mining, EEG, Authentication, Key generation, Random number generator.

1 Introduction

Bitcoin is the first decentralized cryptocurrency that has attracted a huge amount of attention from researchers around the
globe. The creation of Bitcoin has inspired the generation of over 1500 cryptocurrencies, and kept them increasing in the
market. The security of Bitcoin and other cryptocurrencies is based on the use of the cryptography ingredients: digital keys
and random numbers. Bitcoin uses a key pair (public and private) to prove the ownership of Bitcoin by his/her signature. The
private key is a number that can be generated randomly or from a password, and a public key is computed from the private
key using a one-way cryptographic function. In Bitcoin, the keys are stored in a file or a database called a wallet.

A random number and its generation are essential parts of cryptography. A nonce or a number used only once is a special
random number that is used no more than once. Random numbers are also used as an element of the digital signature algorithm
for Bitcoin transaction.

Recently, Electroencephalogram (EEG) has been widely used in person identification and authentication BCI systems. The
use of EEG signal has several benifits [10]: (1) it is recorded while performing a secret mental task that cannot be perceived;
(2) it is very hard to imitate because EEG is dependent on mental tasks; (3) it is impossible to be stolen because EEG is unable
to be regenerated by forcing under stress while the brain activity is very sensitive to the stress and mood; and (4) naturally, it
is required to record EEG from alive individual. Although numerous identification and authentication methods [10] has been
proposed and explored for BCI systems, there are little studies in key generation and random number generation. This paper
will present a combination of EEG signals and cryptography in both key generation and random number generation fields for
the protection of Bitcoin as a EEG-based BCI system.

1.1 Quasi-staionary characteristic of EEG signals

It has been found that EEG signal is changeable, non-linear and noisy in nature [18]. It is also difficult to reproduce the same
EEG from the same person [18]. These characteristics make EEG signals a suitable biometric modality in the key generation
field in the sense that it would be easy to immediately remove any compromised key and produce a new cryptographic key or
generate an additional key for possible applications such as opening a new bank account or email account. They also overcome
the drawbacks of using vulnerable passwords and rarely changeable biometric features of fingerprint, face or iris for which
there are no alternatives if the features are compromised [15].

In this paper, we investigate a key generation system from EEG-based user authentication to enhance the security of
Bitcoin wallets. Figure 1 presents a system to encrypt and decrypt the user’s wallet using a key. Under the assumption that
EEG signals are quasi-stationary when segmented into a sufficiently short time window [13], stable EEG features that carry
distinct biometric information are extracted to be used for generating a secure key as presented in algorithm 1. The input wallet
is encrypted by 256-bit Elliptic Curve Cryptography (ECC) encryption using a 256-bit key generated from EEG features. The
encrypted wallet is also decrypted from the receiving end by 256-bit ECC decryption with the same key generated from a
key generation phase using EEG-based user authentication (see algorithm 3). In other words, the same key is generated if the
authentication is succesful.
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Fig. 1: ECC Encryption and Decryption for Security of Bitcoin Wallet using the Key

1.2 Non-linear and chaotic characteristics of EEG signals

The underlying subsystems of a nervous system that produce EEG signals are considered to be nonlinear dynamic systems
in chaos theory, so EEG signals are chaotic [21]. Even in healthy subjects, chaos is also manifested in the nervous system.
One crucial property of chaotic systems used in this study is that they can produce output that randomly appears [16]. In other
words, it is practically impossible to make a long-term prediction of chaotic systems. It is noted that the amplitude of EEG
signals also changes randomly over time that reflects different brain activities. The nonlinear analysis have been used for BCI
applications in classification and emotion recognition [16].

Surprisingly, there have been few studies done on the use of the EEG as a direct source of randomness. Current methods
cannot solve an issue of handling floating-point values (both negative and positive numbers) of EEG data [4, 22, 14]. In this
study, a random number generation algorithm is proposed to derive binary sequences from EEG signals that solves this issue.

2 Proposed EEG-based Methods

2.1 EEG-based key generation system

Pre-processing. Bandpass filtering is possible the easiest way used for removing and then decomposing EEG signals into five
frequency rhythms including delta (¡ 3 Hz), theta (4 - 7 Hz), alpha (8 - 15 Hz), beta (16 - 30 Hz), and gamma (¿ 30 Hz). Most
studies in BCI focused on the alpha and beta [23] although other wavebands can have competent information and features that
are unique to individuals and need to be investigated separately in this study.

Feature Extraction. Power spectral density (PSD) estimation was used to extract EEG features. The PSD estimation has been
popular in feature extraction for both EEG-based person identification and authentication [10]. In particular, the autoregressive
PSD estimate of Burg is used [1] since this method can estimate the PSD of EEG data similar to the original one. This method is
also more accurate than using EEG data directly with Yule-Walker equations, or using error source like bias in autocorrelation
function estimation that happens in other parameter estimation methods [20].

EEG signals were firstly filtered into frequency wavebands, then EEG features were extracted and used to generate keys
seperately for each waveband. Particularly, filtered signals were segmented into k-second sub-trials. For example, the GrazIIIa
dataset having 2100 trials is splitted into 2100 sub-trails of 1-second each. Next, the average power was estimated on the
ouput of PSD estimate for each sub-trial to obtain an EEG feature. Consequently, a feature vector was formed from all the
features of channels for each sub-trial. The extracted features were used as input of the enrol algorithm to generate keys.
This feature extraction has its speed advantage because of low feature dimension (32 features in our experiments compared to
32× 16 = 512 features of autoregressive (AR) method at order 16).
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Key generation algorithms. Let || be to concatenation of string, List[i] be the ith element in List, π be a password of a
legitimate user, a R← A be the random selection of a in a set A, and a ← I means that a is an output of algorithm I . Let
[c, d]j = {c + ij : i ∈ [0, b(d − c/j)c]}, and Enc and Dec be encryption and decryption algorithms, respectively. Four
different cryptographic hash functions are used; H0 and H1 for protecting a template; Hv for generating a token to check
whether a generated key is correct; and Hk for producing a key.

Assuming a user provides a set of biometric samples Ξ = {ξ1, . . . , ξM}, let Ψ = {ψ1, . . . , ψN} be a set of N feature
vectors extracted from Ξ . We assume that salt is a random and secret number of 128-bit length used to robust the security of
template [7].

Our key generation method comprises of two steps: enrolment (algorithm 1), and key generation (3) in which thresholds
is calculated in Algorithm 2. The vector quatization is used to correct errors due to a variability existing in EEG features as
done in Algorithm 1, step 4(a)-4(d)).

Algorithm 1 Enrolment
Input: Password π, sample set {ξ1, . . . , ξM}, and feature set Ψ = {ψ1, . . . , ψN} of an user, and multi-thresholds θ1, . . . , θN with Θ =
1 +maxi(θi)
Output: Key K and template T

1. List← Permute{1, ..., N}
2. k0 ← H0(π||salt), k1 ← H1(π||salt)
3. For j = 0 to | List | −1

(a) i← List[j]
(b) µi ←Mean(ψi(ξ1), . . . , ψi(ξM ))
(c) αi ← bµi − θi/2c mod θi if µi ≥ θi/2. Otherwise, bµi + θi/2c
(d) xi ← max(0, bµi − θi/2c)
(e) ρi

R← [αi, Θ]θi
(f) Cj = (EncNk0(i), Enc

Θ
k1
(ρi))

(g) Kj = i ‖ xi
4. K ← Hk(π ‖ K0 ‖ . . . ‖ K|Ψ |−1)
5. T ← (C, v) = ((C0, . . . , C|L|−1), Hv(π ‖ K0 ‖ . . . ‖ K|Ψ |−1))
6. Return K and T

Algorithm 2 Multi-Threshold Estimation
Input: Feature set Ψ = {ψ1, . . . , ψN} and sample set {ξ1, . . . , ξM} of the user.
Output: Quantization thresholds θ1, . . . , θN

1. For i = 1 . . . N
(a) Sorting ψi(ξ1), . . . , ψi(ξM ) in ascending order
(b) λi = mean(ψi(ξ1), . . . , ψi(ξM ))
(c) ti = max(ψi(ξM )− λi, λi − ψi(ξ1))
(d) εi = 1

M−1

∑M−1
k=1 (ψi(ξk+1)− ψi(ξk))

(e) θi = 2(ti + εi)
2. Return θ1, . . . , θN

Correctness. We will show that both algorithms Enrolment and Key Generation will output the same key. Key Generation
will correctly decrypt C to extract the i and the ρi = αi mod δi that were encoded by Enrolment. Recall that K ← Hkey(π ‖
K0 ‖ . . . ‖ K|Ψ |−1) with Kj = i ‖ xi. The only part of the input that is computed from biometric input is xi, which is the
lower bound of the δi-length segment that contains µi ← Mean(φi(β1), . . . , φi(βM )). If β

′
is close to {β1, . . . , βM}, then

|φβ′ − µi| < δi/2. This implies that φβ′ falls within the same segment as the original mean, and so x
′

i, the lower boundary
computed by Key Generation, will be the same as the xi computed by Enrolment. Thus, since both algorithms compute Hkey

over the same input string, both will output the same key.
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Algorithm 3 Key Generation

Input: Template T = (C, v), passwords π, sample ξ
′
, feature Ψ

′
= (ψ

′
1, ..., ψ

′
N ) of this sample, and multi-thresholds θ1, ..., θN

Output: Key K or ⊥

1. k0 ← H0(π||salt), k1 ← H1(π||salt)
2. For j = 0 to | C | −1

(a) i← DecNk0(C[j][0])
(b) αi ← DecNk1(C[j][1])s
(c) xi ← max

x∈0∪[αi,ψ
′
i(ξ

′
)]θi

x

(d) Kj = i ‖ xi
(e) if Hv(π ‖ K0 ‖ ... ‖ Kj) = v then K = Hk(π ‖ K0 ‖ . . . ‖ Kj)
(f) Return K

3. Return ⊥

Security Analysis. In order to successfully recover the cryptographic key (K), an adversary must know the password, the
salt, the biometric of legetimate user, and the template. The knowledge of the password and the biometric is unable to retrieve
the key and the template without possessing the salt. The template is protected due to the use of encryption algorithms and the
salt. Even if the template is compromised, the adversay is hardly to discover the biometric and the key because of the use of
salt, the hash function and encryption algorithm which are secure cryptographic primitives. This means that the key is securely
generated. In addition, it is easy to remove this compromised template, and generate a new one from the same biometric input
by changing the password. The next section will analyze the performance of the proposed system.

Additionally, if the key K ← Hk(π ‖ K0 ‖ . . . ‖ K|Ψ |−1) is compromised, it is computational infeasible to recover
π ‖ K0 ‖ . . . ‖ K|Ψ |−1 and learn about the user biometric because of secure hash function used. In this situation, it is easy to
remove the compromised key and generate a new one by demanding the user to provide a new EEG sample.

2.2 EEG-based random number generation

We propose a new approach to transform EEG signals into random sequences of bits with a high success rate as follows. Let
X be an original EEG signal sequence that contains n real number sample values: X = (X1, . . . , Xn) with Xi ∈ R, i =
1, . . . , n. First, d digits is multiplied to these original values for transfering to integer values. This multiplication aims to keep
precision up to the last digit of these exact values. The value d = 4 is chosen as the number of digits in the EEG raw values for
both datasets. Next, a right-shift operator of b bits is calculated to these integer values. Then, a modular operation is computed,
and the output is finally obtained by the floor operation. All of these steps are represented in the algorithm 4. It is noted that
Yi is a real number, and the modular operation Yi mod 2 also outputs a real number. Thus, the floor computation is required.

Algorithm 4 Random binary sequences generating algorithm from EEG
Input: X = (X1, . . . , Xn) with Xi ∈ R, i = 1, . . . , n
Output: a binary sequence Z = (Z1, . . . , Zn)

1. For i = 0 to n
(a) s← Xi × 10d

(b) Yi ← s >> b
(c) Zi ← bYi mod 2c

2. Return Z

3 Experimental Results and Discussion

3.1 EEG Datasets

Our experiment was conducted on two EEG datasets: GrazIIIa [19] and DEAP [8] as described in Table 1.
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Table 1: A brief description of EEG datasets
Datasets #Subjects #Trials Sampling #Channel
GrazIIIa 3 2100 250 60
DEAP 32 2400 128 32

Table 2: Range of order selection using AIC
MEAN StD

DEAP 25.4 6.3
GrazIIIa 20.3 8.1

3.2 Key generation results

The cross validation method was used to evaluate the proposed method. The ratio of training data and testing data is set to 3:1.
In order to investigate the perfomance of the key generation system, the equal error rate (EER) (i.e, FRR = FAR) was used
to examine the performance of the proposed systems. To generate 256-bit keys, 32 channels were randomly selected from the
GrazIIIa dataset, and the random selection was repeated 10 times to obtain the result as the average. Among the criteria for
selection of the optimal order of the AR model, the Akaike Information criterion (AIC) [2] was evaluated in this work. Table
2 shows that the range of optimal order is estimated from 12 to 32.

Accuracy of Perfomance. Due to a variation of the parameters, we only present the best results obtained for the gamma
waveband and EEG wave due to poor performance of four wavebands (alpha, beta, delta and theta) as shown in Figure 2(a).
First, a comparison of the error rates for the GrazIIIa between different AR orders is presented in Table 3 by fixing the window
size at 7 seconds as the time length of each trial. The table shows the lowest EER at 0.4% observed at both the gamma and
EEG which is much better than the baseline method of Monrose et al. [11] that generated keys from voice with the EER of
2%. Note that both EEG signal and voice signal are considered as quasi-stationary in sufficiently short time window, thus the
EEG signal has some properties similar to the voice signal [13]. This presents the effective of our method. The Table also
shows that the difference of error rates between two bands are quite close at around 0.05%.

Table 3: The performance of method for GrazIIIa dataset
(%)

Order 12 16 20 24 28 32
Gamma 0.9 0.6 1.10 0.6 0.4 0.9
EEG 0.4 0.4 1.16 0.9 0.7 0.4

Table 4: The performance of method for DEAP dataset
(%)

Order 12 16 20 24 28 32
Gamma 8.1 9.0 8.4 7.0 8.0 7.6
EEG 7.6 7.0 5.6 6.8 7.1 7.6

0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

Beta
Alpha
Delta
Theta

(a) (b)

Fig. 2: (a) The DET curves of GrazIIIa dataset for four wavebands, (b) The accuracy rates for different channel selection.

Further intuitive investigation is conducted with the DEAP dataset as illustrated in Table 4 which shows the average of
error rates with the time window of 6 seconds as suggested in [3]. In contrast to the GrazIIIa, the error rates of gamma band are
always higher than the EEG wave, but the difference is small with the maximum of 2.83% achieved at order 20. The minimum
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error rate is observed at order 20 for EEG wave and at order 24 for the gamma band. Although the accuracy is not as high as
that in the GrazIIIa dataset, but it is higher than the emotion recognition rates (94.4% vs 90.5%) in use of the same DEAP
dataset provided in [9].

Lastly, we compare our design to the prior art of biometric-based key generation. Table 5 compares our design with other
methods to show its efficiency. This table shows that our design achieves a good performance with the small EER at 0.4% that
is comparable to other methods. The key length can be 480 bits at maximum in the use of 60 channels with similar accuracy
rates as seen in Figure 2(b), which is much longer than the 292-bit key obtained from palmprint in [25]. Although there are 3
subjects in the datasets compared to 386 subjects in [25], the dataset can produce 2100 vectors of 32 features each compared
to 292× 7 = 2044 vectors of 256 features in [25].

Table 5: Summary of biometrics-based key generation
Biometrics Applied Scheme Key Length FRR/FAR Dataset Refs

(bits) (# subjects)
Voice Password-hardening 60 ¿ 2.0/2.0 90 [11]
Signature Quantization 24 7.05/0.0 10 [24]
Fingerprint Fuzzy vault 224 1.8/0.01 108 [12]
Face Fuzzy vault 80 0.93/0.0 153 [5]
Iris Fuzzy commitment 140 0.47/0 70 [6]
Palmprint Fuzzy vault 292 0.73/0.0 386 [25]
EEG Quantization 256 0.4/0.4 3 −

Randomness Testing. In order to evaluate the randomness of keys generated, the NIST TEST SUITE [17] was used.
The NIST has 15 statistical tests: Frequency, Block Frequency, Runs, Longest Run, Binary Matrix Rank, Discrete Fourier
Transform, Non-overlapping Template Matching, Overlapping Template Matching, Universal, Linear Complexity, Serial, Ap-
proximate Entropy, Cumulative Sums, Random Excursions and Random Excursions Variant. Key length is 256 because each
channel generated a character containing at least 8 bits as seen in Step 3(g) on Algorithm 1. For randomness tests, six out of
fifteen tests were used since other tests require an input of more than 1000 bits in length. These tests include frequency, block
frequency, runs, longest run, approximate entropy, and serial. As shown in Table 6, the generated keys have passed most of
the statistical tests with the highest success rate of 100% observed at GrazIIIa for the gamma, and the lowest is at 95.24%
recorded for the EEG waveband. The keys generated from EEG cannot be considered as random because of failing the Runs
test (66.67%). However, keys generated from the gamma waveband is considered as random although the EER is higher than
those of the EEG.

Table 6: Results of statistical tests on two EEG datasets. Values in table are percentage of passing rates.
Statistical Test DEAP GrazIIIa

EEG Gamma EEG Gamma
Frequency 87.50 96.88 100.00 100.00
BlockFrequency 96.88 96.88 100.00 100.00
Runs 100.00 100.00 66.67 100.00
LongestRun 96.88 96.88 100.00 100.00
ApproximateEntropy 100.00 100.00 100.00 100.00
Serial 100.00 96.88 100.00 100.00
Serial 100.00 100.00 100.00 100.00
Average Success Rate 97.32 98.21 95.24 100.00

3.3 Random number generation results

To test the randomness of the output of the proposed approach, the NIST is also used, and the sequences are required to
contain at least 1, 000, 000 bits. These datasets have different sampling rates and numbers of channels, so the numbers of
samples chosen are not the same. We split up EEG signals of the subjects into one-second trials, and concatenated these trials
into a single EEG sequence. For example, in the DEAP, each subject had 32 channles and 128 values in a one second segment
due to the 128 Hz sampling rate, so the first 245 samples of each subject were selected to obtain 245×32×128 = 1, 003, 520
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values that generated a sequence of 1,003,520 bits. Similarity, 69 samples of each subject were selected from the GrazIIIa. As
a result, there is 32 and 9 sequences generated from the DEAP and GrazIIIa, respectively. These sequences were also extracted
from five different frequency bands including delta, theta, alpha, beta and gamma. For Bitcoin applications, it is easy to derive
a 256-bit sequence, for example by using the first 256 bits from these sequences as done in [17].

Table 7: Statistical test results for the average success rates (%).

Wavebands Datasets b
1 2 3 4 5 6 7 8 9 10 11

Delta DEAP 98.86 98.68 98.75 98.50 97.88 97.86 96.90 95.17 92.68 89.30 85.45
GrazIIIa 97.34 97.33 97.33 95.88 96.50 95.27 96.09 96.50 94.24 95.06 93.00

Theta DEAP 98.58 98.50 98.55 98.04 98.55 98.80 98.43 98.16 98.36 98.37 98.32
GrazIIIa 95.68 95.88 94.65 96.09 93.00 94.65 94.45 93.21 92.38 93.44 92.59

Alpha DEAP 98.94 98.88 98.99 98.78 98.75 98.76 98.91 98.80 98.64 97.98 98.59
GrazIIIa 95.88 95.89 96.80 94.03 95.06 94.03 93.79 92.39 92.59 92.38 88.27

Beta DEAP 99.12 98.66 99.00 98.92 99.00 99.18 98.60 98.66 99.09 99.00 98.72
GrazIIIa 97.87 98.05 97.70 97.52 96.99 97.52 97.87 98.05 96.99 97.52 96.81

Gamma DEAP 99.22 98.96 98.86 99.02 98.72 98.70 99.08 99.15 99.12 99.07 99.25
GrazIIIa 99.15 99.38 97.52 99.05 98.58 99.80 99.11 99.30 99.82 98.14 91.84

EEG DEAP 98.69 98.37 98.08 98.10 98.18 98.00 96.84 95.20 92.90 89.76 86.39
GrazIIIa 98.76 99.11 98.49 99.56 99.47 99.82 99.11 98.23 98.94 99.38 99.80

In order to evaluate the perfomance, we used a metric: the success rate as the proportion of passed sequences to all tested
sequences. The experimental results is presented in Table 7. The results show that the all five wavebands and the EEG have
a high passing rates of statistical tests. The highest one is 99.82% observed at b = 9 of the gamma band. Table 8 shows the
optimal values of b to have the highest average of success rates of two datasets. As seen in this table, the optimal value of b is
at 1 for the delta and beta, 2 for the theta, 3 for the alpha, 6 for the EEG, and 9 for the gamma.

Table 8: Optimal values of b for two datasets.
Wavebands Alpha Delta Theta Beta Gamma EEG
b 3 1 2 1 9 6

Next, we identify statistical tests that five wavebands do not pass. In order to do this, we have a closer look at the statistical
tests on the optimal value of b for each waveband. It can be seen in Table 9 that the EEG, beta, delta, theta and alpha bands
cannot be considered random because of failing three important tests for randomness testing: block frequency, FFT and serial.

However, the gamma band achieves the best performance compared to the other wavebands. Its average SR is 99.18%,
its FR is zero. this means that the gamma passes all the statistical tests for randommness. This provides strong proof that the
gamma band is a good random number generator. The reason may be that the gamma seems to be more chaotic and complex
than the other bands [16]. Therefore, the more chaotic and complex characteristics makes higher unpredictable that results in
higher performance of the band. It shows the effective of our method because of a higher success rate than those of 98.67%
reported in [4], and it produces 32 sequences comparing to 2 sequences.

4 Summary

In this paper, we have tackled the problem of combining cryptography and EEG signals in Bitcoin protection. The keys gen-
erated are stable and unique with low false rejection rate and low acceptance rate. The keys are constructed to be random with
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Table 9: Statistical results of randomness testing. The gamma passes all the statistical tests. X = pass and × = fail
Datasets Statistical Test Frequency bands EEG

Delta Theta Alpha Gamma Beta
DEAP Block Frequency × X × X × ×

FFT X X X X X ×
GrazIIIa Block Frequency × × × X × X

Approximate Entropy × X × X × X
Serial × × × X × X

very high accuracy rates (99.10% on average for the gamma band) for well-chosen parameters, and the system is very fast
because of low feature dimension. Additionally, EEG signals can be treated as a true random number generator because of
no use any seeds. Random numbers generated also pass the statistical tests with very high success rate (99.18% on average).
Because of passing the NIST tests, the keys and numbers are secure to be used for protection of Bitcoin and in other cryptog-
raphy applications. For the future work, we experiment our method in large datasets, in different feature extraction methods
and in different window sizes to improve the performance of EEG-based systems for Bitcoin security.
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Abstract

Accurate estimation of human motion intention is a hot topic in the area of rehabilitation robot. However,
most of existing studies focus on the recognition accuracy, and pay little attention to the safety. In view of
this situation, a safe method for human motion intention recognition is proposed, where K-Nearest Neighbor
(KNN) algorithm is used to build the recognition model and the preprocessed sEMG signals are used as
the inputs. Firstly, sEMG signals from seven muscles of human legs and angles of the hip, knee and ankle
joints are recorded simultaneously during human walking, from which the training and test datasets can be
built. The whole dataset was divided into ten time series subsets. Secondly, by comparing the distances
between the test samples and the training samples, k nearest neighbors are selected and the associated joint
angles can be estimated from calculation of the weight averages of the nearest neighbors. The estimations
are filtered to obtain continuous and smooth angle trajectories. Due to that estimations can be maintained
within the ranges of training data, the proposed method can ensure that the estimations are suitable and
safe for patient rehabilitation. Finally, validation and comparison experiments were conducted to verify the
method. Three key issues including the number of the nearest neighbors, the weight vector and the distance
were considered for the design of a satisfied KNN sEMG-angle model. The root-mean-square errors for hip,
knee and ankle joints are respectively 4.1◦, 5◦, and 3.5◦.

1 Introduction

Presently, more and more people are losing their basic living abilities and their life quality is reduced by stroke,
spinal cord injury(SCI) and other neuropathies. To solve those problems, researchers have developed various
physical rehabilitation robotic systems which contribute to help the patients recover from the neural injury
diseases [1–4]. The effect and efficiency of present rehabilitation systems are still needed to be improved. How
to provide active training to the patients and how to improve their engagement are considered as key issues in
neurorehabilitation [5]. To deal with these issues, many methods for human motion intention recognition based
on sEMG signals are proposed [6–9]. However, few methods have been developed by consideration of the safety
during rehabilitation training. SEMG signals can easily be lost and be affected by the variation of environment.
In those cases, the recognition results will become inaccurate and patients can even be hurt, which is not fully
researched in the literature. Therefore, an sEMG based method for accurate and safe recognition of human
motion intention is proposed in this paper.

The sEMG signals have been extensively studied in the field of neurorehabilitation. To distinguish different
motion patterns, many studies using sEMG signals have been carried out [10, 11]. However, less studies have
been focused on estimation of continuous joint motion which is more suitable for rehabilitation robots [12]. Two
kinds of methods are mainly used to estimate the continuous human motion intention by using sEMG signals.
One method is to build forward dynamic neuromusculoskeletal models by using the Hill type models. Buchanan
provided an overview of those methods that can be used to estimate muscle forces, joint moment and kinematics
from neural signals [6,7], however, it is a complex and physiological model containing too many parameters that
cannot be directly measured. The other method is to build the relationships by machine learning methods, by
which the sEMG-angle model can be built relatively easy, however, how to overcome deficiencies in overfitting
and generalization should be further researched.

KNN algorithm is a non-parametric machine learning method. Different from other machine learning meth-
ods, it has no explicit modeling process. Actually, it’s a representatively lazy learning method where the training
samples are just saved during training and the distances between the training and test samples are calculated for
recognition during test. Although the final regression model has relatively high computation complexity(since
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it accesses the entire reservoir of training data during testing), overfitting can be avoided [13]. KNN model can
be designed without any prior knowledge and can describe the relationships between inputs and outputs just
by selected data. Most KNN applications are focused on clustering or classification. Whereas, the algorithm
can deal well with uncertain and nonlinear dynamic systems as well. For classification, the recognition result
is the category, to which the most of nearest neighbors of the training dataset belong. For regression, the
recognition result is the weight mean of nearest neighbors. Due to that lower limb joint angles and sEMG
signals are periodic and repetitive during human walking, joint angles can be estimated based on the past data
by KNN model. Moreover, the estimations can be maintained within suitable ranges, which are determined
by the training samples. Therefore, the safety of estimations can be ensured, which is important for clinical
application.

The remainder of this paper is organized as follows. Section II illustrates the proposed method. Data
acquisition and processing are also given. The results and discussion are presented in Section III. This paper is
summarized in Section IV.

2 METHOD

2.1 Experiment Platform

As shown in Fig.1, the lower limb rehabilitation robot(LLRR) developed at Institute of Automation, Chinese
Academy of Sciences, is used as the experiment platform. It has two biomimetic legs. Hip, knee and ankle
joints are designed for each leg. The LLRR can provide the patients with rehabilitation training in sitting and
standing posture. When standing, patients can walk or run in assistance of the robot. The method proposed
in this paper can be used to control this rehabilitation robot for the active and safe rehabilitation.

Figure 1: Lower limb rehabilitation robot developed at our institution.

2.2 Data Acquisition and Processing

Three healthy adults (all are males, 27 ± 3 years old) who are students in our institution took part in the
experiment. All subjects are healthy and have no histories of leg or foot hurt in the pass three years. Research
contents and purposes were consented by all subjects. In the experiment, the subjects were called to walk
straight as naturally as possible. Four sessions of the experiment have been conducted for each subject.

To simultaneously record joint angles and sEMG signals, a high-performing sEMG device (Delsys, Trigno)
was used in the experiment. Signals from 16 channels can be recorded and each channel can be configured
to connect with different sensors. Goniometer sensors (SG110 for ankle joint, SG150 for knee and hip joints)
and sEMG sensors (IM for all muscles) used in this experiment are shown in fig.2. Considering the motion
symmetry, only left lower limb joint sEMG signals and angles were recorded.

As generally defined, lower limb joint angles were recorded and analyzed in the sagittal plant, which is shown
in Fig.3 [14]. The ends of goniometer sensors were parallelly and independently fixed on the left lower limb by
special bandages, as is shown in Fig.4. Goniometer sensors were calibrated before each experiment.

2
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(a) sEMG sensor (b) goniometer sensor

Figure 2: SEMG sensor and goniometer sensor.

(a) hip (b) knee (c) ankle

Figure 3: Definition of lower limb joint angles.

(a) Front (b) Back

Figure 4: The positions to fix sEMG sensors and goniometer sensors. Smaller circles represent sEMG sensors.
SEMG signals from five thigh muscles are used to estimate hip and knee joint angles. SEMG signals from two
calf muscles are used to estimate ankle joint angle.

To make the data smooth, moving average (MOV) of the joint angles was computed with a sliding-time
window, as follows:

θ =
1

s

s∑
i=1

f(i), (1)

3
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(a) Hip (b) Knee

(c) Ankle

Figure 5: Preprocessed joint angles from two walking periods.

where θ means the joint angle; f(i) means the data within the window; and s means the data number. The
window length was set to 15 and the sampling frequency of goniometer sensor was 150Hz. That means the
final data has ten data points in one second which is applicable for robot control. Fig.5 shows the preprocessed
angle data.

SEMG signals from seven lower limb muscles, including rectus femoris(RF), vastus medialis(VM), vastus
lateralis(VL), semitendinosus(SD), biceps femoris(BF), and tibialis anterior(TA), soleus(SL), were recorded.
After shaving the hair and cleaning the skin, sEMG sensors were fixed on the muscle belly by special double-
sided tapes, as is shown in Fig.4.

Raw sEMG signals are firstly high-pass filtered with a cutoff frequency of 20Hz, then removed mean and
finally low-pass filtered with a cutoff frequency of 400Hz. To produce an enveloped sEMG signal which can
represent the muscle activity, root-mean-square (RMS) value of sEMG data wasthe computed with a sliding-time
window, as follows:

RMS =

√√√√1

s

s∑
i=1

f2 (i). (2)

Due to that the frequency of sEMG sensor is 1200Hz, which is different with goniometer sensors’, the window
length was set to 120 to make the final data size same. Fig.6 shows the preprocessed sEMG data. The process
is shown in Fig.7. Finally, the whole dataset is divided into ten subsets and each subset is related with time
series.

2.3 KNN Based SEMG-Angle Modeling

Let X ∈ R7×n and Y ∈ R1×n, X is the sEMG data of training dataset and Y is the angle vector, and X ′ and
Y ′ are test data. The training samples can be ranked by the distances between X ′ and X. Xk is defined as kth
neighbor of X.

4
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(a) SL (b) SD

(c) BF (d) RF

(e) VL (f) VM

(g) TA

Figure 6: Preprocessed sEMG signals.

Figure 7: SEMG signal preprocessing, where MA represents muscle activity.

5
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In this paper, the estimations can be expressed by:

θ̃t = W × [θ1,t θ2,t ... θk,t]
T , (3)

where θ̃t is the estimated joint angle at time t; θk,t is the kth nearest neighbor in the training data; W is a k -
dimension weight coefficient column vector, which can be defined by:

Wk =
exp(−(||X ′ −Xk||)2)∑k
i=1 exp(−(||X ′ −Xk||)2)

, (4)

where D is the distances between test and training data.
How to calculate the D is one of the key issues of the KNN algorithm. Two different distance equations,

namely Eucliden distance(DE) and Mahalanobis distance(DM ), are compared in this paper. DE is given by:

DE =
√

(X ′ −X)2, (5)

and DM , taking into account the correlation of the data, is given by:

DM =
√

(X ′ −X)T Σ−1(X ′ −X), (6)

where Σ is a covariance matrix of X.
The results of KNN algorithm are weighted and filtered to ensure that the estimations can directly be used

on the LLRR. The algorithm flow chat is shown in Fig.8.

Figure 8: KNN algorithm flow chat.

3 Experiment and Discussion

Some experiments were conducted to verify the proposed method. Root-mean-square errors(RMSE) were cal-
culated by the 10−fold cross validation method.
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3.1 The Validation Experiment

Fig.9 shows the RMSE for the variation of k. Since the training data are cyclical and the nearest neighbors
have no obvious difference, the variation of k has no enormous effect on RMSE. The nearest neighbors can
be different with different distance equations, which can result in different regression results. Two distance
equations mentioned in last section were compared. The RMSE for DE and DM are given in Table.1. It can
be seen that the results of DM are a little better than DE ’, due to that different sEMG signals are relatively
dependent.

Figure 9: The RMSE for the variation of k

Table 1: The RMSE for DE and DM .

Distance Hip Knee Ankle
DM 4.34◦ 5.07◦ 4.31◦

DE 4.53◦ 5.24◦ 4.46◦

In consideration of computation complexity and performance, DE was selected as the distance equation, the
k was selected to be 4 and the W was changed to [0.4 0.3 0.2 0.1] to increase the weighting of neighbor
points. Fig.10 shows the estimated and measured joint angles of one subject. It can be seen that, estimated
trajectory can well fit the measured trajectory. The RMSE for hip, knee and ankle joints are respectively 4.1◦,
5◦, and 3.5◦, as are given in Table.2.

Table 2: The RMSE for three subjects.

Subject Hip Knee Ankle
1 4.06◦ 4.93◦ 3.69◦

2 3.94◦ 5.14◦ 3.10◦

3 4.17◦ 5.24◦ 3.73◦

3.2 Comparison Experiments and Discussion

In the comparison experiment, a three-layer BPNN model was built to model the relationships between the
sEMG signals and joint angles. The number of neurons in hidden layer was set to 20. The activation function
of hidden layer is sigmoid transfer function and the loss of BPNN is RMSE. Gradient descent with momentum
and adaptive learning rate backpropagation was used to train the neural network. After 3000 iterations and
cross validation, the RMSE for BPNN model and KNN model are given in Table.3.

The sEMG sensors are easy to cause friction with human body and signals will be mixed with noises. To
simulate this case, data from selected channels were mixed with gaussian noise. The results are given in Table.5.

It can be seen from Table.4 and Table.5 that, KNN model can still have a good performance. On the
contrary, BPNN model gave bad estimations. From Equation 3, final estimations of joint angles are weight
averages of the nearest neighbors, which ensures that the estimation results can be maintained within suitable

7
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(a) Hip

(b) Knee

(c) Ankle

Figure 10: The estimated and measured joint angles.

Table 3: The RMSE for BPNN and KNN.

Model Hip Knee Ankle
BPNN 6.63◦ 9.18◦ 5.20◦

KNN 4.04◦ 4.95◦ 3.25◦

ranges. Therefore, it’s safe for patient to do rehabilitation training, which however cannot be ensured by the
black box model like neural networks when the test data are different from the training data.

4 Conclusions

A method for safe recognition of human motion intention is proposed, which is based on sEMG signals and
KNN algorithm. The method can be used to build the relationships between sEMG signals and joint angles
and the results can be maintained within suitable ranges. Three issues including number of neighbors, channel
numbers of the lost signals, and the distance are discussed in this paper. Compared with BPNN, the designed
KNN model can ensure robustness and safety. The method can be used on LLRR to achieve active and safe
training for paralyzed patients. In the future, spinal cord injury and stroke patients will be tested to improve
clinical feasibility.
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Table 4: RMSE for signal missing. The first column represents channel numbers of signal missing.

number Hip Knee Ankle

1
KNN 4.36◦ 6.93◦ 3.99◦

BPNN 4.04◦ 5.14◦ 11.47◦

2
KNN 6.63◦ 9.18◦ 5.38◦

BPNN 10.63◦ 15.60◦ 20.30◦

Table 5: RMSE for signal polluting. The first column represents channel numbers of signal polluting.

number Hip Knee Ankle

1
KNN 4.21◦ 5.70◦ 4.01◦

BPNN 5.59◦ 7.97◦ 11.83◦

2
KNN 6.72◦ 8.87◦ 5.78◦

BPNN 10.11◦ 14.98◦ 17.30◦
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Abstract. Accurate segmentation of brain tumor is a critical component for diagnosis of cancer, treat-
ment and evaluation of outcome. It consist of identification of different types of tumor tissues from normal
brain MRI images. Recently, pathway CNNs have been used for semantic segmentation, however are com-
putationally expensive. Build upon success of SegNet, in this paper, we presented different architectures
of SegNeT encoder and decoder based on pixel-wise classification. Nonlinear up sampling are performed
by the model. The end to end training and small number of parameters used for the training makes the
computational process more higher than other deep learning architectures. We performed the semantic
segmentation on the MRI brain tumor Figshare - dataset and achieved the state of the arts results (99.93%
global accuracy) in comparison to traditional CNN models.

1 Introduction

One of the core and complex organ of human body is brain that comprises nerve cells and tissues to control
the foremost activities of the entire body like breathing, movement of muscles and our senses. Every cells have
their own capabilities, some cell grows with their own functionality and some lose their capability, resist and
grow aberrant. These mass collections of the cells form the tissue is known as “tumor”. Cancerous brain tumors
are uncontrolled and unnatural growth of brain cells that cause the damage of nervous system severely results
painful death of patient. Although, it is not very common disease, however, is one of the most life threatening
and lethal cancers. For example, in 2015, approximately 23,000 patients were diagnosed brain tumor only in
United States. According to 2017 cancer statistics [15], brain tumor is measured as one of the foremost cause of
cancer-related indisposition, morbidity, and mortality around the world both in children and in adults [18, 24].

The goal of brain tumor segmentation is to identify the brain tumor and extract the patient specifically
clinical information to help later interventions that exist in multidimensional Magnetic Resonance Imaging
(MRI) images. Gliomas are infiltrative in nature and one of the most common tissues in brain. They are difficult
to identify and segment as can spread to any part of brain. High-grade gliomas is the one of the aggressive brain
tumors with a median survival of almost two years. Brian tumor surgery is one of the commonly applied
treatment, however, chemotherapy and radiation can also be used to reduce the growth of tumors that are
complex to remove through surgery [20]. Thus, accurate identification and segmentation of brain tumor has
great impact on improving the treatment and its planning i.e. detection and segmentation of tumor cells not
only help to identify the existence of cancerous cells only but also provide valuable information of their location,
shape, size, and difference between tissues i.e. necrotic tissue, edema (swelling near the tumor) and tumorous
tissue (vascularized or not). Although some of the brain tumors (i.e. meningiomas) are easy to segment, however,
there are some that are difficult to identity (i.e. gliomas) due to their complex properties i.e. tumor edges are
often ambiguous and can not be differentiated from healthy tissues due to their fuzzy nature [17]. Thus, there
is a need to sensitive and accurate methods to identify the tumors in order to increase the survival rate.

Manual segmentation from high dimensional large MRI data is challenging, time-consuming, tedious, prone to
error and affected by inter-observer variability [19]. Hence, physicians often use qualitative or visual inspection of
tumor only, or maximum they use the crude measures like approximating the tumor volume and their quantity.
Automated analysis and quantitative assessment of tumor cells provides valuable information for the early
diagnosis and help to plan the early treatment strategies. Existing approaches can be classified into generative
models or discriminative models. Generative model identify the cancerous cell by differentiating healthy cells
from tumors based on their appearance. Thus, requires knowledge of the anatomical structure of brain that can
be computed by aligning healthy tissues and affected image i.e. contour-based segmentation requires alignment-
based features or left-right brain symmetry features in order to align the image. It is one of the affecting
technique and does not require label data to train.

Unlike generative models, the discriminative segmentation methods require extensive size of label data as
they use prior knowledge of brain i.e. segmentation based on low-level image features such as raw pixels and Ga-
bor filter banks [22, 23]. Traditional discriminative methods for brain tumor segmentation include conventional
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machine learning approaches such as neural networks and support vector machines etc [16]. that requires hand-
crafted features consisting of high discriminative power. Automatic features learned by deep neural networks
outperformed as compare to handcrafted features [21, 23, 6]. The model based features are more abstractive and
discriminative extracted automatically through the deep learning models.

Automated cancer detection from MRI images is a well studied task in the computer vision community;
however, little work exists in differentiating the segmented tumor region using pixel-wise semantic segmenation.
Pre-invasive segmentation presents a more difficult classification scenario than the binary classification task of
invasive cancer detection. It necessitates careful analysis of epithelial and fuzzy structures in the MRI brain
images. This paper presents the semantic segmentation using well-known model SegNet to produce a tissue
label image for the MRI brain images that can lead to an automated diagnostic system. Features maps are
generated by the encoder depth-4 and VGG in the SegNet architecture. Evaluation is on two classes tumor and
non-tumor for the segmentation. Motivation of the work is to gain the more efficient performance for the brain
tumor detection with less memory usage and the improved computational time. The proposed approach is the
best fit for the segmentation of the objects and resulted into the high performance rate. The SegNet architecture
is explained in detail, and set of experiments are conducted to compare its segmentation performance to other
models.

Rest of the paper is organized as, Section II provides the related work, followed by the section III about
architecture of the proposed approach. In section IV, comprehensive evaluation on brain tumor dataset - Figshare
is explained in the light of experiments conducted. Finally Section V draws the conclusion with future direction.

2 Related Work

Initial work of semantic segmentation have focused on designing a robust feature representation, e.g. TextonFor-
est [26] TextonBoost [27], as well as Random Forest-based classifiers [25]. Recently, deep convolutional learning
models have observed extensive success in many domains and successfully employed for semantic segmentation.
In particular, a number of CNN architectures like DeepLab [7], RefineNet [11], Fully Convolutional Networks
(FCN) [12] and SegNet [5] have shown significant progress in performance and accuracy by adapting the deep
Convolutional Neural Networks (CNN) based image classifiers to semantic segmentation [14]. Among the vari-
ous CNN models, SegNet has been employed on outdoor road scene and indoor scene images. Mehta et al. [13]
enhanced the SegNet architecture for the segmentation of breast biopsy whole slide images. The SegNet archi-
tecture also yielded best accuracy for segmentation of blood cells (white blood and red blood cells) and the
background in the blood smear images using ALL-IDB1 dataset in [29]. Inspired from these best performance
achieved in [5, 13, 29], we are going to deploy the SegNet architecture on MRI brain images for the segmentation
of brain tumor. The proposed system relay on the MRI images of Brain Tumor Dataset - Figshare thus, we
here present the related work of figshare dataset. The used techniques on the same dataset is the key to the
equitable comparison between the different methods.

Rehman et al[22] performed deep transfer learning techniques using three CNN models: AlexNet, GoogLeNet,
and VGGNet. They conducted experiment on augmented dataset and achieved 98.69% accuracy on VGG16.

Cheng et al. [8] first conducted experiment on Brain Tumor Dataset - Figshare. They used augmented
tumor region as region of interest and split these regions into sub regions by employing adaptive spatial division
method. Authors have extracted the intensity histogram, bag-of-words (BoW), gray level co-occurrence matrix
(GLCM) based features. They reported highest accuracy of 87.54%, 89.72%, and 91.28% on extracted features
using ring-form partition method Another contribution of same work was presented in [9]. They deployed
Fisher Vector for the aggregation of local features of each sub region. Mean average precision (map) 94.68% was
retrieved. Ismael and Abdel-Qader [10] extracted statistical features from MRI images of Brain Tumor Dataset
- Figshare with the aid of 2D Discrete Wavelet Transform (DWT) and Gabor filter techniques. They classified
using back propagation multi-layer perceptron neural network and retrieved highest accuracy of 91.9%. Abir et
al. [2] deployed Probabilistic Neural Network for classification of brain tumors. They performed image filtering,
sharpening, resize and contrast enhancement in pre-processing and extracted GLCM features. They attained
highest accuracy of 83.33%.

Abiwinanda et al. [3] identified three common types of brain tumor. They employed five different architectures
of CNN and reported highest accuracy on architecture 2. The architecture 2 comprises of 2 convolutional layers,
Relu layer and max-pool followed by 64 hidden neurons. They achieved 98.51% and 84.19% on training and
validation sets respectively. Afshar et al. [4] proposed a novel model Capsule networks (CapsNets) for the
detection of brain tumor. They varies the feature maps in the convolutional layer of CapsNet in order to
increase accuracy. They achieved highest accuracy of 86.56% using 64 feature maps with one convolutional layer
of CapsNet. Widhiarso et al. [30] computed GLCM and fed to the Convolutional Neural Network. They claimed
that GLCM combined with contrast feature gave 20% improved accuracy. They achieved highest accuracy of
82% using this scenario. Apart from the conventional and deep learning classification techniques, Sobhaninia et
al.[28] first used the Brain Tumor Dataset - Figshare for semantic segmentation task. They employed LinkNet
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for the segmentation of brain tumors. They deliberate MRI images of figshare dataset from different angles and
deployed multiple models for segmentation. They reported 0.73 dice score using single network and 0.79 dice
score using multiple networks respectively.

3 Brain Tumor Segmentation and Classification based System

In this section, we present deep convolutional encoder-decoder architectures for semantic segmentation of brain
tumor in detail. The semantic segmentation is the procedure of assigning each pixel of image to appropriate
target label using region of interest image as a ground truth. In this study we consider SegNet as a based
method and presented different architectures of SegNeT encoder and decoder based on pixel-wise segmentation
of brain tumor and non-tumor region. The work flow of proposed system is depicted in Figure 1. The brain
tumor T1-weighted MRI images of 233 patients (Brian Tumor Figshare - dataset) are used. MRI images are
enhanced using contrast stretching technique. In the next step, SegNet encoder architectures are employed to
extract the visual features from MRI images. Then last fully connected layer of encoder is removed and the
resultant high dimensional feature produces the semantics segmentation mask. Finally, decoder is connected to
a softmax classifier which classifies each pixel. These steps are elaborated in the next sections.

3.1 Encoder

The images of size 512 × 512 are fed to the encoder, which produces feature maps through convolution with
filter bank. Encoder process is same like the architecture of VGG16 that consist of 13 convolutional layers (7
× 7 ), batch normalization layer, element-wise RELU, drop out and max pooling (2 × 2), non-overlapping
stride by 2, and up-sampling (2 × 2 ). Max-pooling is used to achieve translation in-variance over small spatial
shifts in the image, combine that with sub-sampling. It leads to each pixel governing a larger input image
context (spatial window). Although, more number of max-pooling layer and sub-sampling can provide better
translation that could improve classification, however, this results in the loss of feature maps spatial resolution.
Thus, before the sub-sampling, it is necessary to capture the boundary information. For this purpose, we have
captured max-pooling indices only.

3.2 Decoder

For each of the 13 encoders, there is a corresponding decoder which up-samples the feature map using mem-
orized max-pooling indices. It takes the feature map from the encoder network as input and up-samples its
corresponding input feature maps using the memorized max-pooling indices from the encoder feature maps.
The generated feature map is sparse and high in resolution so that best fit for the genuine input. Dense feature
maps is obtained through convolution with a trainable decoder filter bank. The resultant high dimensional
features produce the semantics segmentation mask.

3.3 Softmax Classifier

The last decoder is connected to a softmax classifier which classifies each pixel. The convolutional layer of
1 × 1 with the softmax evaluates the probabilities for classes. The soft-max generates the output with the
probabilities of channel k where the numbers of classes are identified as k. The maximum probability of pixel
wise segmentation is the result of the predicted segmentation. The correctly pixel wise segmentation for the
tumor and non-tumor classes results are presented in the results section.

4 Experimental Analysis

In this section, we analyze the evaluation of proposed brain tumor semantic pixels based segmentation and
classification using SegNet architectures. We conducted two studies to evaluate the performance of different
architectures for encoder step of SegNet model using Endcoder-4 architecture and VGG architecture of SegNet.
We conducted various experiments using different parameters for getting optimal set of parameters, on which
network earn optimally. Finally, the following two studies conducted using optimal parameters.

4.1 Brain Tumor Dataset - Figshare

In this work, we used publicly available brain tumor ”Figshare” dataset [1] in order to analyze and evaluate
the performance of proposed approach. In order to improve the performance, in this work we have done two
different updates in the architectures of SegNet. The dataset comprises 3064 brain MRI slices collected from
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Fig. 2. Progress Graph of Training and Validation using Brain Tumor Dataset - Figshare

233 patients with three kinds of brain tumors: Meningioma, Glioma, and Pituitary. The dataset consist of 708,
1426 and 930 number of images/slices for Meningioma, Glioma and Pituitary tumor. The dataset is publicly
available on Figshare website. The dataset consist of unique labels that demonstrates the type of brain tumor,
512 ×512 image data in uint16 format, vector containing tumor border with the coordinates of discrete points,
and ground truth in binary mask image. In our experiments, CNN model takes image along with its ground
truth as input unit thus we extract the image data and tumor mask image data from the .mat files. For the
estimation of the best model training set is used and the validation for the error prediction on the model and
for the generalizability of errors test set is used. Splitting for the dataset for the training, testing and validation
is as shown in the Table 1.

Table 1. Statistics of Brain Tumor Dataset - Figshare

Sets Percentage No of Images

Training 70% 2146

Validation 15% 259

Testing 15% 259

4.2 Results and Discussion

In first study, encoder depth of 4 is evaluated. The depth of network determines the number of times the input
image is down-sampled or up-sampled as the input data is processed further. The encoder network down-samples
the input image by a factor of 24. The decoder network up-samples the encoder network output by a factor of 24.
In second study, pre trained architecture of VGG16 is implemented in the encoder of SegNet. We have trained
the network with sgdm solver. The highest global accuracy of 99.93% when trained using ’sgdm’ solver with the
batch size of 1, initial learn rate of 0.15, validation frequency of 500. The confusion metrics of each experiment
are shown in Figure 3. We report different measurement metrics like global, mean, mean IOU, Weighted IOU,
meanBFScore and Dice in table. 2 for semantic segmentation and classification.

We have analyzed and compared the performance of proposed system with existing state of the art Brain
Tumor’s detection systems on Brain Tumor Dataset - Figshare as explained in Sect. 2. A meaningful comparison
of our system is possible with work of Sobhaninia et al. [28]. They first used the Brain Tumor Dataset -
Figshare for semantic segmentation task. They employed LinkNet for the segmentation of brain tumors. They
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Table 2. Result Evaluations on vgg16 and encoder depth 4

Model Overall Accuracy

Network Global Mean MeanIOU Weighted IOU MeanBFScore Dice

Encoder Depth 4 99.92 93.61 76.13 97.14 91 90.8

VGG16 99.93 93.65 76.22 97.19 91.04 93.14

Fig. 3. The confusion matrix of each class using encoder depth 4 and VGG

deliberate MRI images of Brain Tumor Dataset - Figshare from different angles and deployed multiple models for
segmentation. They reported 0.73 dice score using single network and 0.79 dice score using multiple networks
respectively. Our work is the pioneer study to explore the SegNet architecture using three studies: encoder-
depth-4 and VGG16. We have investigated the number of parameters to select the best network parameters
for the model which resulted into the low error rate. We have attained 93.08 dice score and global accuracy of
99.92% using SegNet-encoder-depth-4, 93.14% dice score and global accuracy of 99.93% using SegNet-VGG16.

Table 3. Comparison with Existing Deep Learning based Systems

Reference Model Performance Measurement

Sobhaninia et
al.[28]

LinkNet 0.73 dice score using single
network and 0.79 dice score
using multiple networks

Our Proposed SegNet 0.9340 accuracy or 0.9314
dice score

5 Conclusion

We presented the semantics segmentation architecture SegNet for the pixel-wise label segments. The SegNet
produces good results for the segmentation and more accurate for the label predictions. It provided efficient
performance with promising accuracy as compared to the patch based classification. It produces high results
without the use of the post-processing CRF which elaborated the model to more time consuming without
achieving the desired results. SegNet improves the computational time and memory as compared to the other
segmentation models. The key point in the deployment of SegNet is the use of the less number of parameters. The
high number of parameters for the model may cause interruptions in the network. The less number of parameters
leads to the improved network efficiently. SegNet enhanced both the quality and quantitative analysis for the
brain tumor segmentation. Our presented SegNet based system gives the state of the art results as compared
to the other studies using brain tumor dataset - Figshare and achieved 99.93% accuracy. The experiments on
the Brain Tumor Dataset - Figshare indicates the quality results over the medical imaging. In future, SegNet
architecture will be explored for the brain tumor using different combinations of layers. SegNet model will also
be tested on another benchmark dataset for the brain tumor segmentation and classification. We also aim to
explore FCN and Unet for this problem in future.
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Abstract. Location-based social networks (LBSNs) offer researchers user-generated content data to study
users’ intrinsic patterns of preference. One important application of such study is to provide a personalized
point-of-interest (POI) recommender system to improve users’ experience in LBSNs. However, most of the
existing methods provide limited improvements on POI recommendation because they separately employ
textual sentiment or latent topic and ignore the mutual effect between them. In this paper, we propose
a novel content-aware POI recommendation framework via an adaptive Bayesian Personalized Ranking.
First, we make full use of users’ check-in records and reviews to capture users’ intrinsic preference (i.e.,
check-in, sentiment, and topic preferences). Then, by aggregating users’ intrinsic preferences, we devise
an adaptive Bayesian Personalized Ranking to generate the personalized ranked list of POIs for users.
Finally, extensive experiments on two real-world datasets demonstrate that our framework significantly
outperforms other state-of-the-art POI recommendation models in various metrics.

Keywords: POI Recommendation, Content-aware, Adaptive Ranking

1 Introduction

In recent years, the increasing popularity of mobile devices has made it easier for people to access the Internet.
Now we can easily share our life through location-based social networks(LBSNs), such as Foursquare, Yelp
and Facebook Places. When users visit Point-of-Interests (POIs) like parks, bars and restaurants, they make
check-ins at POIs and leave texts to share their experience with social friends via mobile devices. The check-in
data left at POIs contains rich information about user preference, which inspires researchers to study the POI
recommendation task utilizing the data. POI recommendation has been a crucial demand in location-based
services(LBS). It not only helps users to explore new POIs, but also has commercial usages like personalized
advertising.

The aim of POI recommendation is to generate a ranked list of POIs that users might be interested in but
have never visited. Traditional POI recommender systems try to capture intrinsic patterns of user preference by
exploring different types of implicit feedback, e.g., check-in records, geographical information, social relations
or temporal information. In recent years, user-generated texts have also attracted widespread attention because
it’s more explainable. Sentiment analysis and topic model are two important tools to analyse texts. [1] proposed
a hybrid user location preference model to adjust users’ check-in preference with sentiment scores. [2] [3] fused
sentiment with other types of information like POI category to improve recommendation performance. However,
these approaches provide limited improvements on POI recommendation because they cannot distinguish which
part of the content is positive or negative. Topic model has also been applied to study content. [4] proposed
a cross-region collaborative filtering method based on hidden topics about check-in records. [5] proposed a
CoSoLoRec model, which applied an aggregated LDA model to associate users and POIs by latent topics.
Nevertheless, these works model POI and user topic distribution separately and may not capture the mutual
influence of the two distributions. Therefore, there seems a large marginal space left to improve the performance
by synthetically considering multiple aspects of texts, i.e., latent topics, check-in frequency and textual sentiment
to improve POI recommendation.

In this paper, we propose a Content-Aware Point-of-Interest Recommendation framework (called CARec),
which utilizes texts by analysing sentiment and modeling topic distributions simultaneously. The preference
inferred from texts is then combined with check-in preference and get an overall preference. CARec is composed of
three modules: check-in module, sentiment module and topic module. For check-in module, users’ intrinsic
patterns of preference are modelled by probabilistic matrix factorization (PMF) [6]. PMF factorizes the user-POI
check-in matrix into a low-dimensional vector space to acquire user and POI embeddings. For sentiment module,
we adopt a natural language processing technology to analyse each piece of reviews and obtain users’ sentiment
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score. For topic module, we extend the classic LDA to learn user topic distribution utilizing user documents
and learn POI topic distribution utilizing both POI documents and features of historical visitors. According to
previous work [7], directly optimizing for pairwise ranking like Bayesian Personalized Ranking (BPR) produces
better performance than matrix factorization. Hence, by aggregating users’ preferences generated by the above
three modules, we propose a novel adaptive BPR to generate the personalized ranked list of POIs for users. We
conduct experiments on two large-scale real-world datasets and the results show that our POI recommendation
framework can produce better performance.

The main contributions of this paper can be summarized as follows:

1 We propose a novel content-aware POI recommendation framework (CARec) that makes full use of user-
generated texts. To the best of our knowledge, this is the first work that mines texts in multiple aspects,
i.e., latent topics, check-in frequency and textual sentiment.

2 We capture users’ intrinsic patterns of preference on given POIs by modeling corresponding information
separately.

3 We devise an adaptive Bayesian Personalized Ranking to generate the ranked list of POIs for users by
aggregating various types of intrinsic preferences.

4 We evaluate our proposed framework on two real-world datasets and the experiment results demonstrate
that our framework outperforms baseline methods in terms of various metrics.

The paper is organized as following: Section 2 describes some related works. Section 3 formulates the problem
of our work and Section 4 presents our framework in detail. Section 5 reports experiement results on two real-
world datasets and Section 6 concludes this paper.

2 Related Work

In this section, we introduce some researches related to our work: sentiment analysis-based POI recommendation
methods, topic models in POI recommendation systems and ranking-based models.

Sentiment analysis-based methods extract user’s sentiment preference from texts. [1] proposed a hybrid POI
recommendation model by extracting users’ sentiment preference from tips and combining check-in preference
with sentiment preference. [3] obtained some high-quality features and inferred users’ sentiment preference to
these features to make recommendations. [2] studied users’ sentiment preference together with topical aspect
and spatial aspect. [8] studied content information for POI recommendation, which includes not only sentiment
indications, but also POI properties and user interests.

Topic models in POI recommendation capture users’ interests by modeling latent topics. Latent Dirichlet
Allocation (LDA) is a model that has gained popularity as a tool for automatic corpus summarization and
visualization [9]. [10] proposed LCA-LDA model by giving consideration to both personal interest and local
preference. [4] proposed a cross-region collaborative filtering method based on hidden topics about check-in
records to recommend new POIs. [5] leveraged a variant of LDA to extract the topics of users and POI from
reviews to infer users’ preference. [11] proposed a Social Topic model to capture both the social and topic aspects
of user check-ins.

Bayesian Personalized Ranking (BPR) is a pairwise ranking method [7], which focuses on modeling the
ranking of the feedbacks. It learns the ranking based on pairwise preference comparison over observed and
unobserved feedbacks such that the Area Under the ROC Curves (AUC) can be maximized [12]. [13] [14] [15]
extended BPR method by integrating different types of context. [15] proposed a personalized ranking framework
with multiple sampling criteria, which is more flexible to incorporate multiple additional sources of information.

In this paper, the framework we propose is different from existing methods. First, our framework makes
better use of contents by sentiment analysis together with user-sensitive topic model. Second, we make recom-
mendations with an adaptive Bayesian Personalized Ranking model to achieve better performance.

3 Problem Defination

The aim of this work is to recommend POIs to users based on their check-ins and reviews. Let U = {u1, u2,
... ,um} be the set of users and V = {v1, v2, ... ,vn} be the set of POIs. Each user u visited some POIs V+

u

historically and left some reviews Du. For convenience, we also define V−u = { v | v ∈ V ∧ v /∈ V+
u }. All the

reviews left at POI v is named Dv. The authors of Dv are also known as the historical visitors of v, named Av.
All the needed symbols in our work is shown in Table 1.

62 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 15, No. 4



Content-Aware Point-of-Interest Recommendation 3

Table 1. Mathematical Notions

Symbol Definition

u, U Individual user and set of users
v , V Individual POI and set of POIs
V+

u Set of POIs u visited
V−

u Set of POIs u has never visited
Av Set of users visited v
D Set of reviews(document)
θu topic distribution of user
πv topic distribution of POI

4 Recommendation Framework

In this section, we introduce details of CARec. Our framework consists of three modules: check-in module,
sentiment module and topic module. The three modules explore three types of preference of each user, check-in
preference pc(u, v) based on check-in records, sentiment preference ps(u, v) based on textual sentiment and topic
preference pt(u, v) based on latent topic. The three types of preference are unified to an overall preference p(u, v):

p(u, v) = ps(u, v)× pt(u, v)× pc(u, v)

4.1 Check-in module

Check-in module aims to capture users’ underlying patterns of preference with check-in records. We employ
Probabilistic Matrix Factorization (PMF) [6] to factorize sparse user-POI check-in matrix Cm×n into user-
latent space matrix Um×k and POI-latent space matrix V n×k

T , where m and n are the number of users and
POIs respectively, k is the dimension of latent space:

Cm×n ≈ Um×k ×VTn×k

For the sparsity of check-in matrix, only observed check-ins are considered and the conditional probability
of the observed check-ins are:

p(C | U,V, σ2
C) =

m∏
i=1

n∏
j=1

Iij [N (Ci,j | Ui ×VT
j , σ

2
C)]

where Iij is the indicator function: Iij=1 if i checked-in at j, otherwise Iij=0.N (x | µ, σ2) is Gaussian distribution
with mean µ and variance σ2. The Gaussian priors of U and V are:

p(U | σ2
U ) =

m∏
i=1

[N (Ui | 0, σ2
UI)]

p(V | σ2
V ) =

n∏
j=1

[N (Vj | 0, σ2
V I)]

We have posterior of U and V as follows according to bayesian inference:

p(U,V | C, σ2
C , σ

2
U , σ

2
V ) ∝ p(C | U,V, σ2

C)p(U | σ2
U )p(V, σ2

V ) (1)

Matrix U and matrix V are learned by maxmizing Eq. (1). The check-in preference of ith user u to jth POI
v is:

pc(u, v) = Ui ×VT
j

4.2 Sentiment module

Fig. 1. Sentiment analysis of reviews

Sentiment module aims to find users’ emotional feelings with reviews. The process flow can be seen in Fig.1.
Firstly, the language detection component filters out non-English reviews. Then review sentences are split into
words and the part-of-speech (POS) is identified. Finally, the sentiment score of a sentence is measured based
on sentiment scores of words [16].

As can be seen in Fig.2, the distribution of sentiment scores are highly centralized around 0, which means
most users expressed neutral sentiment. Thus we apply a mapping scheme for sentiment scores [1], as is presented
in Fig.2. Similar to processing sparse check-in matrix, we apply PMF to infer sentiment preference ps(u,v). In
this module, we use Us and Vs to approximate user-POI sentiment preference matrix, the sentiment preference
of the ith user u to jth POI v is:

ps(u, v) = Usi ×VTsj
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Fig. 2. Sentiment score distribution and mapping scheme

4.3 Topic Module

Topic module aims to model the topic distributions of users and POIs. Aggregated reviews are expected as the
documents to model topic distributions. All reviews written by user u are aggregated as a user documenmt Du
and all reviews for POI v are aggregated as a POI document Dv [5].

User Topic Model. In user topic model, the generation of user document is modeled as a three-step
process. First, for each user document, a topic distribution is sampled from a Dirichlet distribution. Second,
for each word in user document, a single topic is chosen according to the sampled topic distribution. Finally,
each word is sampled from the topic-word distribution of the topic. The flow of this process is shown in Fig.3.
Each user is associated with topics following a multinomial distribution θ. Also, each topic is associated with
words according to a multinomial distribution φ. Using gibbs sampling to sample and infer θ and φ, the topic
distribution for u is θu:

θuk =
n
(k)
u + α

K∑
k=1

(n
(k)
u + α)

where n
(k)
u is the topic observation count for u, K is the number of latent topics. α is a hyperparameter.

POI Topic Model. POI topic model builds POI topic distributions leveraging both POI documents and
topic distributions of historical visitors. As in Fig.4, for each topic sampled from θ, POI topic model enumerates
all the historical visitors to decide the acceptance probability based on their interests. In this way, POI topic
model captures the interests of historical visitor, and further reflects the features of intersted visitors. All the
historical visitors are responsible to decide the acceptance probability avk:

avk =

∑
u∈Av

θuk

|Av|

Thus, the POI topic distribution πv is:

πvk =
avk(n

(k)
v + α)

K∑
k=1

(avk(n
(k)
v + α))

where n
(k)
v is the topic observation count for v, K is the number of latent topics. User topic model and POI

topic model have the same latent topic number K.

Finally, the topic preference of user u to POI v is:

pt(u, v) = θu × πTv =
K∑
k=1

θuk × πvk

Fig. 3. User topic model Fig. 4. POI topic model
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4.4 Adaptive Bayesian Personalized Ranking

Algorithm 1: Learning Algorithm for ABPR

Input: users U , POIs V, visited POIs V+
u for each u ∈ U

Output: Θ = { P ∈ Rm×k, Q ∈ Rn×k }
initialization P ∼ U (0,1), Q ∼ U (0,1)
T ← 0 //iteration number
repeat
for T ← 1 to |U| do

u ← uniformly sample from check-ins U
i ← uniformly sample from observed check-ins V+

u

j,k ← uniformly sample from unobserved check-ins V−u
if p(u, k) > p(u, j) then

swap j and k
end
Compute gradients of Pu,Qi,Qj ,Qk;
update parameters;

end
until convergence

We unify users’ preference generated by the above three modules by Eq. (1). Then, we devise an adaptive
Bayesian Personalized Ranking (ABPR) by using the overall preference score as its input. The ABPR is described
in Algorithm 1:

ABPR swaps j and k adaptively if k is predicted more preference, so the pairwise ranking function of ABPR
is:

r̂u,i,j,k(Θ) = ŷu,i � ŷu,j ∧ ŷu,j � ŷu,k (2)

ABPR aims to maxmize the AUC by learning the right ranking in Eq. (2). For each user u ∈ U , the likelihood
function of adaptive BPR is:

L(Θ) =
∏
u∈U

(
∏
i∈V+

u

∏
j∈V−

u

P(r̂u,i � r̂u,j | Θ)
∏
j∈V−

u

∏
k∈V−

u

P(r̂u,j � r̂u,k | Θ))

We approximate the probability function using the sigmoid function σ(x) to optimise the AUC likelihood
function, so that the likelihood function is differentialble. Then, the likelihood function is as follows:

J (Θ) = arg max
Θ

∑
u∈U

[ ∑
i∈V+

u

∑
j∈V−

u

ln(σ(r̂u,i − r̂u,j))+

∑
j∈V−

u

∑
k∈V−

u

ln(σ(r̂u,j − r̂u,k))

]
−

λp
∑
u∈U
‖Pu‖2F − λq

∑
i∈V
‖Qi‖2F

where Θ is the set of all parameters to be optimised, including parameters of the latent factor of users P ∈
Rm×k and POIs Q ∈ Rn×k, where k is the dimension of latent factors. λp and λq are regularization terms to

avoid overfitting. ‖·‖2F denotes the Frobenius norm.
Matrix factorization is applied to predict r̂u,i:

r̂u,i = PTuQi =
k∑
s=1

pu,s × qi,s (3)

Finally, we use Stochastic Gradient Descent(SGD) to find the local maximum of Eq. (3). The gradient of
Pu, Qi, Qj , Qk are as follows:

∂J
∂Pu

= δ(r̂u,j − r̂u,i)(Qi −Qj) + δ(r̂u,k − r̂u,j)(Qj −Qk)− λpPu
∂J
∂Qi

= δ(r̂u,j − r̂u,i)Pu − λqQi

∂J
∂Qj

= (δ(r̂u,k − r̂u,j)− δ(r̂u,j − r̂u,i))Pu − λqQj

∂J
∂Qk

= −δ(r̂u,k − r̂u,j)Pu − λqQk

Then parameters θ ∈ Θ are updated with gradients above:

θ(T+1) = θ(T ) + η(T ) · ∂J
∂θ

(θ(T ))
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5 Experiment

5.1 Dataset

We conduct our experiments on two publicly available large-scale LBSN datasets, Foursquare [17] and Yelp1.
As the previous works [18] [19] [13] [14], we filter users who visited less than 10 POIs in Foursquare dataset (32

Table 2. Statistics of Datasets

Foursquare Yelp

Number of users 9728 5577
Number of POIs 12449 6900
Number of check-ins 177142 518186
Number of reviews 234793 542707
Density of user-POI matrix 0.15% 0.46%

in Yelp dataset), and POIs visited by less than 10 users (31 in Yelp dataset). Each dataset is split into trainset
(80%) and testset(20%). The statistics information is shown in Table 2.

5.2 Evaluation Metrics

We utilize three popular metrics to evaluate the performance of the framework we proposed: precision (Pre@N),
recall (Rec@N) and normalized discounted cumulative gain (NDCG@N) [20], where N is the number of recom-
mended POIs. For each metric, we calculate the average performance of all users. For the limitation of space,
we omit the details.

5.3 Baseline Methods

In order to demonstrate the benefits of our recommendation framework, we compare our method with the
following baselines:

• HPM-SC: This is a hybrid recommendation model based on users’ check-in preference and sentiment
preference [1].
• CoSoLoRec-T: This is an aggregated topic model that leverages LDA to extract the topics of user

and POI from reviews [5].
• PMF: This is a matrix factorization method, which is a popular collaborative filtering-based approach

in recommendation systems [6].
• UCF: It is a typical memory-based collaborative filtering technique that makes recommendation based

on a group of similar users [21] [22].
• BPR-kNN: It is a method that learns the symmetric item-correlation/item-similarity by the BPR

optimization criterion [7].

5.4 Parameter settings

For all the compared baselines, we adopt the optimal parameters reported in their works. In our experements,
all critical parameters are tuned through cross-validation. PMF model has three parameters: number of latent
factor K, αU and αV for initializing user-latent factor matrix and POI-latent factor matrix. In Foursquare,
parameters for check-in module and sentiment module are K=50, αU=0.15, αV =0.2 and K=40, αU=0.08,
αV =0.1. In topic model, the number of latent topic is 20. Parameters of adaptive BPR are K=30, λP=0.2, and
λQ=0.1. In Yelp, parameters of check-in module and sentiment module are K=40, αU=0.2, αV =0.1 and K=50,
αU=0.2, αV =0.2. In topic model, the number of latent topic is 20. Parameters of adaptive BPR are K=50,
λP=0.2, and λQ=0.2.

5.5 Experimental results

Performance Comparisons. The experimental results of each recommendation algorithm in terms of Pre@N,
Rec@N, and NDCG@N on Foursquare and Yelp are reported in Fig.5 and Fig.6. By comparing all algorithms, we
can see that our framework achieves the best performance in terms of all three metrics. For instance, compared
with CoSoLoRec-T, UCF and BPR-kNN, our CARec gets an improvement by 126.35%, 126.35% and 5.03% in
terms of Pre@5. Besides, recommendation precision of CARec is higher than CoSoLo-T by 123%, 91% ,70%
and 158% when N is 5, 10, 20 and 50, respectively. CARec outperforms another topic model-based method,
CoSoLoRec-T, indicating that considering visitors’ topic distributions makes the POIs topic distribution better

1 https://www.yelp.com/dataset
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Fig. 5. Performance of baselines and CARec on Foursquare Dataset
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Fig. 6. Performance of baselines and CARec on Yelp Dataset

capture users’ features. For BPR-ranking methods, CARec performs better than BPRkNN by 5%, 20.59%,
26.92% and 76.47% at Pre@5, Pre@10, Pre@20 and Pre@50 respectively. On the one hand, sentiment module
provided extra information about user preference in CARec. On the other hand, our proposed adaptive Bayesian
Personalized Ranking contributes to CARec by learning ranking of samples more effectively.

Comparing results in Fig.5 and Fig.6, we observe that CARec performs better on Fousquare dataset than
Yelp. One possible reason is that Yelp has much lower repetitive check-in ratio (4%) than that in Foursquare
dataset (32%), which means most users go to POIs for only once and left one piece of review. Low repetitive
check-in ratio may result in two problems. First, most users have unfixed preferences when they go to a POI
for the first time. For example, it is not clear whether they really like the food in a restaurant at the first visit.
Because they only tried part of food here, thus they are more likely to express neutral reviews, which makes less
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Fig. 7. Performance of Each CARec Module On Foursquare

sense in analysing preference. Second, low repetitive check-ins ratio leads to a phenomenon that a user’s review
to a certain POI is quite short, short texts make the result of sentiment analysis more likely to be inaccurate.

Performance of CARec modules. We also studied the performance of modules in CARec on Foursquare
dataset. As can be seen Fig.7, check-in module has the second best performance in CARec. For example, it
achieves 3.27%, 5.20% and 3.62% in terms of Pre@5, Rec@5 and NGCG@5, respectively. This result indicates
that check-in preference has more contribution than topic preference in CARec. Sentiment module performs
the best for all three metrics. For instance, in terms of Pre@5, it performs better than check-in module by 8%
and better than topic module by 12%, respectively. This is because compared with check-in records and topic
model, users’ sentiment expressed in reviews are more explicit.

6 Conclusions

In this paper, we propose a novel content-aware POI recommendation framework, which utilizes users’ check-
in records and reviews to explore users’ intrinsic patterns of preference. For obtaining check-in preference, we
factorize the user-POI check-in matrix into a low-dimensional vector space to acquire user and POI embeddings.
For sentiment preference, we adopt a natural language processing technology to analyse each piece of reviews
and obtain users’ sentiment score for POIs. For modeling topic preference, we learn user topic distribution
utilizing user document and learn POI topic distribution utilizing both POI document and features of historical
visitors. Finally, by aggregating the three types of users’ intrinsic preferences, we devise an adaptive BPR to
generate the personalized ranked list of POIs for users. Extensive experiments on real data demonstrate that
our framework significantly outperforms other state-of-the-art POI recommendation models in different metrics.
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Abstract. Violence usually spread online, as it has spread in the past. With the increasing use of social
media, the violence attributed to online hate speech has increased worldwide resulting rise in number of
attacks on immigrants and other minorities. Analysis of such short text posts (e.g. tweets etc.) is valuable
for identification of abusive language and hate speech. In this paper, we present Deep Context-Aware
Embedding for the detection of Hate speech and abusive language on twitter. To improve the classification
performance, we have enhanced the quality of the tweets by considering polsemy, syntax, semantic, OOV
words as well as sentiment knowledge and concatenated to form input vector. We have used BiLSTM with
attention modeling to identify tweet with hate speech. Experimental results showed significant improvement
in the classification of tweets.

Keywords: Abusive language detection · NLP · Deep learning · Contextual Word Embedding ·

1 Introduction

Currently, 39% (2.89 billion people) of world population are active user of social media which is going to be
increase to 3.10 by 2021. Twitter is one of the popular social media and has approximately 328 million active
users, of which around 16 million are in the UK and 79% are outside of the US i.e. roughly 350,000 tweets
generated on Twitter on daily basis [23, 25]. Users of social media belong from different culture, religion and
background, thus, they could have different opinion. This may leads to verbal assault based on severity of
the crisis. Social media provide the easy and fast platform for violent actors good opportunity to publicize
their agenda. For example: Sentences like like ”Hang those who eat beef as status symbol” results in several
incident (killing) in India and word ”Jews” was trending slightly after synagogue shooting incident. Such tweets
creates an atmosphere that could have significant impact on online discourse and results in damaging one’s
life. Furthermore, the unchecked and uncontrolled freedom of speech over social media and mask of anonymity
made it further easy to use social media for such task i.e. use of racists slurs or derogatory terms. Such hate
speech poster often take full advantage of the key feature of Twitter: the tweet’s ability to include links to other
internet content. This functionality is central to how user uses Twitter, share the content of mutual interest,
however, this approach is also used for distributing hate speech.

Even though, detection of abusive language is important however, the prior art has not been very unified,
thus slowing the progress. Detection of abusive and hate speech is quite challenging task due to noise in the
data, lack of modeling word knowledge etc. The intentional obfuscation of words and phrases to evade manual
or automatic checking makes the detection of abusive language difficult, whereas the use of keyword spotting
may results in false positives. [17]. Detection of abusive language becomes much difficult due to sarcastic tweets,
as the user use the similar words, the hatred use for abusive language, even it is challenging for human to detect
in such case. Abusive tweets are not limited to just tweet text, in most cases, one is referring to the other
tweet in positive or negative manner, thus we have to considers others tweet to categorize as abusive or hate.
The abusive language may be very fluent and grammatical [17]. The dictionary of hate related words is require
to continuously update. Furthermore, multilingual hate words are another challenge for detection of abusive
language. Thus, there is an urgent need to develop an efficient approach to detect abusive language[13].

Fig. 1 shows the example of unstructured and informal nature of tweets which is highlighted as red. Also,
example of polysemy is also presented in the figure which is highlighted as blue and green. The meaning of
words whitetrash and Bitch changes according to its context which other methods are not able to capture and
assigns same vector to such language complexities which degrades the classification results. So given a tweet
Tx which has unique characteristics such as i) unstructured and informal nature depicts low quality of text;
ii) have same words with different meanings in the context (polysemy); iii) words with different sentiments as
hate-speech and abusive messages are always have negative sentiments associated with them at input to the
classifier with a sequence of tokens (t1, t2, ...tk), where x denotes the number of a tweet and k represents the
number of tokens in a tweet to be classified.

In this paper, we present Deep Context-Aware Embedding to analyze the tweets and identify abusive tweets.
Our works deal with the issue of polysemy, semantics, syntax, OOV words and sentiment for a the detection
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Fig. 1. Toy Example

of negative words in a context and create hybrid contextual word representation and forwarded to BiLSTM
with attention modeling for tweets classification. To validate the gain in performance, we have used benchmark
three Twitter hate speech ad abusive language datasets. Results shows that proposed model showed significant
gain in performance in comparison to state of the art methods. The key contribution of this work are; i) Deep
Context-Aware Embedding of tweets that help to resolve the language ambiguity as well as capture the polysemy
in context, semantics, syntax, OOV words and sentiment knowledge. We consider different words embedding
that helps to improve the performance especially for short and noisy tweets. ii) Extensive experiments are
conducted on three benchmark datasets for Twitter Hate speech and Abusive language to evaluate our model.
Results showed that our model is robust against noisy contents and achieve consistently better performance in
comparison to state of the art methods.

Rest of the paper is organized as follows. In section 2, we discussed the related work for the detection of
abusive language, followed by proposed model in section 3. In section 4, we presented experimental analysis.
Finally, the conclusion is drawn in section 5.

2 RELATED WORK

Traditional methods such as lexicon based methods [27, 5] are good, simple, expandable, computationally effi-
cient and robust for the detection of the abusive language but their dependency on humans and less coverage
restrict their usage especially in case of poor quality of text [15, 22, 24]. One of the early work on abusive
language identification used n-gram with supervised classification, manually developed regular expression and
contextual features [32]. Chen et al. [5] also used character n-grams with other featured to detect different forms
of profanity and bullying. Callaghan et al. utilized user profiles on twitter to identify the extremist communi-
ties by analyzing the relationships between members of extremist communities based on consider cross-country
interactions [18]. Warner and Hirschberg used bags of words (BOW) representation of user’s post and support
vector machine for classification into antisemitic post. Kwok et al. used BOW and Naive Bayes for identification
racist comments [11]. Wulczyn et al. used CrowdFlower to obtain human annotations (personal attacks and
harassment) on Wikipedia text [30]. They have used multi-Layer Perceptrons, logistic Regression, and word
n-grams, character n-grams. Results showed that logistic regression with character n-grams showed better per-
formed. Waseem and Hovy, [29] provided a famous datasets of tweets and annotated into three classes. They
used character and word n-grams features in their study and found that Character n-grams outperforms word
n-grams for the detection of abusive language on Twitter. Similarly, Davidson et al. [6] released a dataset and
studied a deeper investigation on different types of hate speech and offensive language. In their study, they used
TF-IDF with N-grams feature and LR classifier.

Deep learning has shown itself to be one of the effectively used approach to solve several complex language
processing tasks such as part-of-speech tagging, sentiment analysis, and named entity recognition etc. Recently,
it has been used extensively to develop online platform to identify both hate speech as well as extremist
community. Gamback and Sikdar used CNN with various features for categorization of hate speech [8]. Djuric
et al. [7] used Word2Vec [14] word embeddings for the detection of abusive language. Badajatiya et al. [1]
performed an extensive study on hate speech dataset released by [29] with different traditional, deep learning
based models and ensemble of traditional and deep learning based models with gradient boost classifiers for
the abusive language classification task. Park et al. [19] presented two step classification approach. Their study
showed that using HybridCNN (hybrid of character and word embedding with CNN) gives better classification
results as compared to character and word embedding with CNN separately. Recently, Chakrabarty and Gupta
[3] worked on this problem with three benchmark datasets and showed improvement on all previous results.
The context aware attention based model initialized word embeddings with GloVe[20] and used BiLSTM with
attention mechanism for the dectection of hate speech and abusive language on Twitter. Unlike all previous
work, no one tried to improve the poor quality of tweets and address the language complexities such as polysemy
along with semantics, syntactic, OOV words and negative sentiments of abusive words used.
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3 Deep Context-Aware Embedding

In this section we will describe our proposed Deep Context-Aware Embedding which consist of two main module
deep hybrid contextual word representation and BiLSTM with attention mechanism. The complete architecture
of our proposed model is given in Fig. 2. In this work, we have used different data representations in parallel
in order to accommodate the context and semantic information. First, we get word-char level representation
which is the concatenation of word and character level representation followed by the contextual and lexicon
level representations which are concatenated with our first Word-Char words representation to get our final deep
hybrid contextual words representation. Word-Char level representation solves the problem of semantics, syntax
and Out of vocabulary (OOV) words, where as contextual-level representation gives the different representations
to the same words with different meanings and at the last our lexicon-level representation assigns the sentiments
associated with words extracted from dictionaries. Finally our proposed words representation is fed to bi-
directional LSTM with attention layer for prediction. Below we describe each of the main components.
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Fig. 2. Deep Hybrid Contextual words Representation w/ BiLSTM & Attention

Word-Char level Representation : In word-Char level representation, we concatenated character level and
word level representation. Our word-Char level is the concatenation of word and character level representations.
For word level representation, we trained word2Vec on our data and for character level representation we consider
the maximum character length 25 and used Bi-LSTMs in order to produce a character-enhanced representation
for each unique word in a tweet [12]. Notice that our word level representations helps to capture semantic and
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syntactical information but fails to capture prefix, suffix and OOV words. In addition to this, to have the deep
words representations, we have used character level representations to deal with these issue of OOV as well as
mitigating issues like unseen words.

Context-level Representation : As previously mentioned that conventional word representation models
fails to capture words with same meanings and assigns them a same vector. In our model, we solve this issue
by using using Embeddings from Language Model (ELMo) [21]. Elmo embeddings gives the better and rich
1,024 dimensional vector for words in the corpus. It uses character level representation with CNN and contains
deep BiLSTM on top of vectors from CNN-character level representation to generate deeper contextual words
representation. Each word vector generated by ELMo contains context information of words within the content.
To be precise, we have used pre-trained ELMo model with a 1,024 dimensions obtained using the 1 Billion Word
Benchmark which contains about 800M tokens of news crawl data from WMT 2011 [4]. ELMo embeddings are
computed by following formula:

ELMotaskn = E(Mn;Θtask) = γtask
L∑

j=0

staskj hLM
h,j (1)

where stask are weights which are softmax normalized for the combination of different layers representations
and γtask is a hyper parameter for optimization and scaling of Elmo representation.

Lexicon-level Representation : To capture the negative sentiments in the content we used lexicon-level
representation. This representaiton is based on the extraction only negative socres from sentiment lexicon which
is a list of words, specific terms and phrases. Using sentiment lexicon can be hepful in capturing the hateful
content in the corpus since these are always contains negative sentiments with them. Each lexicon contains a
pair of word-sentiment where each words has its sentiment score which is between −1 to 1, where value less
than 0 represent negative words and positive for values above 0. Different lexicons are available but choosing
the right one is very important. In this study we used SenticNet 5.0 [2]. SenticNet is a concept based sentiment
lexicon and has different versions available and the latest version is senticNet 5.0 which gives sentiment and
semantic information of 100,000 concepts. In this study, we only considered words with negative scores which
and if any word is not available in the lexicon then we assign zero to that word.

Once we have these three word-char, context-level and lexicon-level representations then we concatenate
them to get our final deep hybrid words representation which captures all semantics, syntactical, OOV, words
with different meanings and sentimental information of words in a tweet.

BiLSTM with Attention layer Subsequently, our proposed words representaiton is passed on to BiLSTM
[26] with attention layer [31] to capture the information from both sides and to force the learner to capture the
contribution of important words because all words does not play an equal role in understanding the meaning
of the sentence respectively. BiLSTM takes the input of proposed words representation and gives the hidden
representation hi by concatenating hidden representations from both sides. And attention layer assigns a weight
ai to each word through a softmax function and finally, representation R which is a weighted sum of all words
is calculated and given by equation 2.

ai =
exp(ei)∑z
t=1 exp(et)

,
z∑

i=1

ai = 1

ei = tanh(Whhi + bh)

R =
z∑

i=1

aihi, (2)

where Wh and bh are learned parameters, hi is the concatenation of the representations of the forward and
backward LSTM. Finally, the output R of this is then fed to fully connected softmax layer to get the class
probability distribution to perform the classification task.

4 EXPERIMENTAL ANALYSIS

In this section, first we present experimental settings, datasets used and the results of proposed model to
show the effectiveness. For evaluation of our proposed methods and comparison with our models we have used
F1-Score
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4.1 Experimental settings

Experimental settings are presented below.

Pre-processing In this paper, similar to our earlier work [16] , in this work we have applied the same pre-
processing technique to improve the quality of text by replacing emoticons and emojis with their associated
meanings, correction of spelling mistakes, expanding contractions etc in a systematic manner.

Parameters Parameters used in our experiments are presented in this section.

– Regularization: In order to avoid overfitting problem, we have used Gaussian noise at our input layer. Also
a dropout [28] at connections of the network is also used to randomly turn off the neurons in the network.
Moreover, to avoid overfitting and make our method robust we applied L2 regularization technique to
decrease the large weights.

– Training: Cross entropy loss function was used to train our model using rectified linear unit (ReLu) by
back-propagation method with the batch size of 128. To tune learning rate , we used Adam [10] optimizer.
10-fold cross validation technique was used to evaluate the classification results. Also, 70% of data used for
training and remaining 30% for testing purpose.

– Hyper-parameters: The Grid search optimization techinique was used to find the hyper-parameters used
in our experiments.

4.2 Datasets

In this work, we have used three benchmark datasets for Twitter hate speech and abusive language. The
detail of tweets distribution is given in Table 1.

Table 1. Tweets distribution in all datasets

Dataset name Label #1 Label #2 Label #3 Total

Dataset 1 1,924 (Racism) 3,058 (Sexism) 10,862 (None) 15,844

Dataset 2 1,498 (Hateful) 19,326 (Offensive) 4,288 (None) 25,112

Dataset 3 5,235 (Harrassment) – 5,127 (None) 20,362

Dataset 1: Waseem et al.[29] provided a labelled dataset of 16,914 tweets out of 136,052 collected tweets
over the period of two months. Tweets were manually annotated and classified into three classes such as
racism, sexism and neither. Authors released the list of 16,907 tweets IDs and their corresponding labels.
Some of the tweets were either deleted or their visibility has been changed so we could retrieve only 15,844
tweets with python’s Tweepy library. Out of total tweets retrieved 1,924 belong to racism, 3,058 are labelled
as sexism and remaining 10,862 are classified as none.

Dataset 2: Our second dataset is originally provided by Davidson et al. [6] which focus on differentiating
between hateful and offensive language. Dataset was manually annotated into three classes: hateful, Offensive
and Neither. Total number tweets are given in this dataset are 25,112 out of which 1,498 are hateful, 19,326
are labelled as offensive and remaining 4,288 are classified as neither.

Dataset 3: Golbeck et al. [9] provided a large human labelled corpus for online harassment data on
Twitter. First, a list of keywords was produced for collection of tweets which contains harassing words
then coders were given guidelines to label tweets. First version of dataset contains 35,000 tweets with two
classes (harassment or none). But their current version of dataset contains only 20,362 tweets which are
categorized into two classes. i.e: Harassment and None. Out of total 20,362 tweets, 15,127 are labelled as
negative harassment and remaining 5,235 are labelled as positive harassment.

4.3 Performance Evaluation

Table 2 compares the results of our proposed model. We compared results with some classical and advance
models proposed for the detection of hate speech and abusive language on Twitter.
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Table 2. Comparison of the proposed method with others (F1-Score)

Model Dataset 1 Dataset 2 Dataset 3

Char Ngrams+LR [1] 75.3 - -

TFIDF+ Balanaced SVM [1] 81.6 - -

TFIDF+GBDT [1] 81.3 - -

BoWV+ Balanaced SVM [1] 78.9 - -

BoWV+GBDT [1] 80.1 - -

CNN+Random Embedding [1] 81.4 - -

CNN+Glove [1] 83.9 - -

FastText+Random Embedding [1] 82.5 - -

FastTtext+Glove [1] 82.9 - -

LSTM+Random Embedding [1] 80.4 - -

LSTM+Glove [1] 80.8 - -

CNN+GloVe+GBDT [1] 86.4 - -

CNN+Random Embedding+GBDT [1] 86.4 - -

Fasttext+Glove+GBDT [1] 85.3 - -

Fasttext+Randomon Embedding+GBDT [1] 88.6 - -

LSTM+GloVe+GBDT [1] 84.8 - -

LSTM+Random Embedding+GBDT [1] 93.0 88.0 65.7

Char Ngrams+LR [29] 73.8 82.3 63.0

Word Ngrams+LR [29] 64.5 - -

Char Ngrams+ LR [19] 81.4 - -

BoW+SVM [19] 79.3 - -

FastText [19] 80.4 - -

CharCNN [19] 81.1 - -

WordCNN [19] 81.6 - -

HybridCNN [19] 82.7 88.0 70.6

TFIDF+LR [6] 78.0 90.0 69.0

GloVe+LSTM+Attention [3] 84.2 91.1 72.7

Proposed 85.5 92.3 73.6

Baselines: As a baseline, we compared results reported with the different methods on Dataset 1 by Badjatia
et al. [1]. This paper [1] compared the classification results with traditional classifiers, only DNN based
classifiers and DNNs with GBDT classifiers. The reported results show that embeddings learned from DNN
models with gradient boosted decision trees outperforms all other results. We also compared our results with
the results reported by Waseem et al. [29] on dataset 1,where they showed that using character n-grams +
LR classifier beats when compared with Word n-grams+ LR classifier. Similarly, in another study conducted
by park et al. [19] on dataset 1 showed that HybridCNN, which takes both character and word features
as input to CNN works well as compared to other models such as Character n-grams+LR, BoW+SVM,
FastText, CharCNN and WordCNN. Davidson et al. [6] reported the result on dataset 2 is also compared
in this study. They used TFIDF with LR for the classification of hate speech and Abusive language. In
the last, we compared our results with all the reported results on all three datasets by Chakrabarty et al.
[3] where they initilized word embeddings using GloVe and BiLSTM with attention for the classification of
hate speech and abusive language on Twitter. According to the aurthors, results (93.0) claimed by Badjatia
et al. in [1] are not reproducible and they obtained 81.0 on dataset 1.

Results: Performance of our proposed model is better than existing methods for the detection of hate speech
and abusive language on Twitter because first in our model we improve the quality of tweets by removing
noise and normalizing the unstructured and poor quality of text which helps to get better representation.
Secondly, our model captures better representation by handling the words with different meanings along
with semantics, syntactical, OOV words and even sentiment (negative) information of words. As our model
offers consistent improvement over all other methods for all tested datasets we can conclude that it is a
robust solution for the detection of Hate speech and abusive language on Twitter.

5 Conclusions

During the last decade there is a massive increase in propagation of hate speech on social media. Effective
counter measures rely on efficient detection of tweet that uses abusive and hate language. In this work, we
have considered the problem of hate speech and abusive language based tweet classification by leverging
the power of sentimental analysis. We have used deep contextual embedding which is able to deal with
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challenging tweets by handing complicated attributes of words in a tweet. We have used several prepos-
sessing step to improve the quality of tweet to overcome the noise and unstructured tweets.Further, we
used different embedding as a feature to BiLSTM with attention mechnism , as a results, our approach
can handle aforementioned issues of polysemy, semantics, sentiment, OOV words and syntax within each
tweet. Experimental analysis on publicly available benchmark datasets showed significant improvement in
detection of abusive language on twitter.
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interactions within and between extreme right communities in social media. In Ubiquitous social media analysis,
pages 88–107. Springer, 2012.

19. Ji Ho Park and Pascale Fung. One-step and two-step classification for abusive language detection on twitter. In
ALW@ACL, 2017.

20. Jeffrey Pennington, Richard Socher, and Christopher Manning. Glove: Global vectors for word representation.
In Proceedings of the 2014 conference on empirical methods in natural language processing (EMNLP), pages
1532–1543, 2014.

21. Matthew E. Peters, Mark Neumann, Mohit Iyyer, Matt Gardner, Christopher Clark, Kenton Lee, and Luke
Zettlemoyer. Deep contextualized word representations. CoRR, abs/1802.05365, 2018.

22. Zafar Saeed, Rabeeh Ayaz Abbasi, Onaiza Maqbool, Abida Sadaf, Imran Razzak, Ali Daud, Naif Radi Aljohani,
and Guandong Xu. What’s happening around the world? a survey and framework on event detection techniques
on twitter. Journal of Grid Computing, pages 1–34, 2019.

ICONIP2019 Proceedings 75

Volume 15, No. 4 Australian Journal of Intelligent Information Processing Systems



23. Zafar Saeed, Rabeeh Ayaz Abbasi, Imran Razzak, Onaiza Maqbool, Abida Sadaf, and Guandong Xu. En-
hanced heartbeat graph for emerging event detection on twitter using time series networks. Expert Systems with
Applications, 2019.

24. Zafar Saeed, Rabeeh Ayaz Abbasi, Muhammad Imran Razzak, and Guandong Xu. Event detection in twitter
stream using weighted dynamic heartbeat graph approach. arXiv preprint arXiv:1902.08522, 2019.

25. Zafar Saeed, Rabeeh Ayaz Abbasi, Abida Sadaf, Muhammad Imran Razzak, and Guandong Xu. Text stream to
temporal network-a dynamic heartbeat graph to detect emerging events on twitter. In Pacific-Asia Conference
on Knowledge Discovery and Data Mining, pages 534–545. Springer, 2018.

26. M. Schuster and K.K. Paliwal. Bidirectional recurrent neural networks. Trans. Sig. Proc., 45(11):2673–2681,
November 1997.

27. Sara Owsley Sood, Judd Antin, and Elizabeth F. Churchill. Using crowdsourcing to improve profanity detection.
In Wisdom of the Crowd - Papers from the AAAI Spring Symposium, AAAI Spring Symposium - Technical
Report, pages 69–74, 8 2012.

28. Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, Ilya Sutskever, and Ruslan Salakhutdinov. Dropout: A
simple way to prevent neural networks from overfitting. Journal of Machine Learning Research, 15:1929–1958,
2014.

29. Zeerak Waseem and Dirk Hovy. Hateful symbols or hateful people? predictive features for hate speech detection
on twitter. In SRW@HLT-NAACL, 2016.

30. Ellery Wulczyn, Nithum Thain, and Lucas Dixon. Ex machina: Personal attacks seen at scale. In Proceedings
of the 26th International Conference on World Wide Web, pages 1391–1399. International World Wide Web
Conferences Steering Committee, 2017.

31. Zichao Yang, Diyi Yang, Chris Dyer, Xiaodong He, Alexander J. Smola, and Eduard H. Hovy. Hierarchical
attention networks for document classification. In HLT-NAACL, 2016.

32. Dawei Yin, Zhenzhen Xue, Liangjie Hong, Brian D Davison, April Kontostathis, and Lynne Edwards. Detection
of harassment on web 2.0. Proceedings of the Content Analysis in the WEB, 2:1–7, 2009.

76 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 15, No. 4



Information for Authors 
 
The Australian Journal of Intelligent Information Systems (AJIIPS) is published regularly. The aim 
of AJIIPS is to publish papers describing theory, methods, and techniques, applications, and 
tutorial presentations in a range of areas relating to Computer Science and Computer Engineering. 
AJIIPS publishes full papers, short notes, and survey articles. Specific areas include but are not 
limited to: 
 

• Artificial Neural Networks   
• Deep Learning 
• Fuzzy Systems 
• Evolutionary Computing 
• Cluster Analysis 
• Virtual Reality 

• Extended Reality 
• Ontological Studies 
• Information Retrieval 
• Data Mining and Knowledge 

Discovery 
• Human Centred Computing 

 
All papers will be reviewed by at least two reviewers and one of the editors. Decisions as to the 
suitability of the papers will be made by the Editor in Chief. 
 
Papers  should  be  clearly  presented,  consistent  with  giving  proper  description  of  
primary contribution. Theory papers should be based on clear, formal foundations; methods and 
techniques should indicate the novelty and advantage of the technique; applications papers should 
present appropriate results and evaluation of performance; tutorial papers should be clearly 
presented to a reader with a general background in areas of interest to the journal but no prior 
background in the specific topic. 
 
 
Submission and publication format 
 
All papers should follow the Springer conference paper format, with the exception that 2 cm 
margins are used on all 4 sides of a A4 sheet. 
 
 
Communication 
 
Please use papers@ajiips.com.au to communicate with the journal, allowing 5 working days for 
reply. In exceptional circu 


	Accurate Infant Brain MRI Segmentation -ICONIP2019_266_v5
	Paper462
	OLE_LINK3
	OLE_LINK4
	OLE_LINK1
	OLE_LINK2

	Towards_Machine_Learning_approach_for_Digital_Health_intervention_program.
	ICONIP2019_finalpaper587
	ICONIP2019_AJIPS_Paper683
	sEMG-angle
	Introduction
	METHOD
	Experiment Platform
	Data Acquisition and Processing
	KNN Based SEMG-Angle Modeling

	Experiment and Discussion
	The Validation Experiment
	Comparison Experiments and Discussion

	Conclusions
	Acknowledgments

	774
	327_CARec
	776
	Blank Page
	Blank Page
	Blank Page



