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Abstract—Incremental Attribute Learning (IAL) has been
treated as an applicable approach for solving high-dimensional
classification problems, and it has been successfully applied in
many other predictive algorithms, like Neural Networks (NN),
Genetic Algorithms (GA), and Particle Swarm Optimization
(PSO). So far, it is not employed for K Nearest Neighbor (KNN),
another very popular algorithm in pattern classification.
Therefore, in this paper IAL is attempted to be used with KNN.
Experiments based on some benchmarks showed that such an
approach can works very fast and the results are also
acceptable.
Index Terms—Incremental Attribute Learning,
Pattern Classification, Discriminative Ability

KNN,

I. INTRODUCTION

I

N machine learning, high-dimensional problems will cause
dimensional disasters that may cause systems halt in
computing. To solve these problems, some dimensional
reduction strategies like feature selection and feature
extraction have been presented [1, 2]. However, these
methods are invalid when the problem has a large number of
features and all the features are crucial with similar
importance in the problem simultaneously. Thus feature
reduction is not the ultimate technique for coping with high
dimensional problems.
One useful strategy for solving high-dimensional problems
is “divide-and-conquer”, where a complex problem is firstly
separated into some smaller modules by features. These
modules will be integrated after they have been tackled
independently. A representative of such methods is
Incremental Attribute Learning (IAL), which incrementally
trains pattern features in one or more size. It has been shown
as an applicable approach for solving machine learning
problems in regression and classification using Genetic
Algorithms (GA) [3, 4], Neural Networks (NN) [5, 6],
Support Vector Machines (SVM) [7], Particle Swarm
Optimization (PSO) [8], Decision Tree [9], and so on. These
previous studies also have shown that IAL can exhibit better
performance than conventional methods which prefer to train
all pattern features in one batch. For example, based on
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machine learning repository from University of California,
Irvine (UCI)[10], Guan and his colleagues employed IAL to
solve some classification and regression problems by neural
networks. Almost all their results were better than those
derived from conventional methods [4, 11], where the
classification errors of IAL using neural network in the
datasets of Diabetes, Thyroid and Glass were reduced by
8.2%, 14.6% and 12.6%, respectively [12]. This illustrated
that IAL is not a pure algorithm in the training of machine
learning, but a predictive strategy which can be implemented
by different algorithms for pattern recognition and
classification.
However, as a very important pattern classification method,
K Nearest Neighbor (KNN) has not been tried for IAL so far,
although many other predictive approaches have been widely
used in IAL. Therefore, it is necessary for us to attempt KNN
in IAL. In the other aspect, because IAL incrementally
imports features into systems, it is necessary to know which
feature should be introduced in an earlier step. Thus feature
ordering should be implemented as an independent
preprocess apart from conventional preprocessing tasks like
feature selection and feature extraction [13]. Usually, feature
ordering relies on feature's discriminative ability. Therefore,
when KNN is applied on IAL, the most important thing in
feature's preprocessing is to calculate features' discriminative
abilities for training sequence.
In this paper, IAL using KNN will be presented, including
the feature preprocessing like feature ordering and training.
In section 2, a brief introduction of KNN will be given; in
section 3, IAL and its preprocessing will be introduced; in the
fourth section, the model of KNN for IAL will be presented;
then the experiments using benchmarks will be shown in the
next section; conclusions will be drawn in the last section.

II. IAL AND ITS PREPROCESSING
A. IAL
IAL is a “divide-and-conquer” machine learning strategy
which gradually trains input features one after another. There
are two main objectives for implementing such a novel
approach. One is to solve easy problems at the early stage of
the process. Due to the fact that each feature has a different
ability in classification for different output, IAL aims to,
firstly, solve easy pattern recognition problems by using
several corresponding features and, secondly, leave difficult
problems to the next round using some other different
features. The other objective is to avoid dimensional disasters.
The “divide-and-conquer” character of IAL has the
capability to reduce the complexity of computing as not all
features will be imported for calculation at the same time.
Such a process is effective to avoid the curse of
IMECS 2018

Proceedings of the International MultiConference of Engineers and Computer Scientists 2018 Vol II
IMECS 2018, March 14-16, 2018, Hong Kong

dimensionality in computing where the problem has a
high-dimensional feature space. Therefore, as a new
approach, IAL not only can cope with problems which can be
solved by existing methods, but also applicable for problems
which have newly imported features or problems whose
number of features is large. Generally, IAL focuses on the
input aspect, while the output aspect is concentrated by
another similar incremental approach called Hierarchical
Incremental Class Learning (HICL) [14-17], which is not a
research topic in this study.
A number of experiments and studies have shown that IAL
often exhibits better performance than other conventional
machine learning techniques that train data in one batch.
Based on the datasets of Machine Learning Repository from
University of California at Irvine (UCI), Guan et al.
employed IAL to solve several classification and regression
problems by NN [5, 6, 11, 12, 18-23], PSO [8] and GA [4,
24]. Almost all of their results using IAL were better than
those derived from traditional methods. Specifically, based
on Incremental Learning in terms of Input Attributes (ILIA)
[5] and Incremental neural network Training with an
Increasing input Dimension (ITID) [6], two effective
algorithms were developed on the basis of IAL, and as a
result, classification errors obtained by incremental neural
networks for input feature learning of Diabetes, Thyroid and
Glass datasets reduced by 8.2%, 14.6% and 12.6%,
respectively [6, 18]. Furthermore, based on OIGA, the testing
error rates derived by incremental genetic algorithms of
Yeast, Glass and Wine declined by 25.9%, 19.4% and 10.8%
[3], respectively, in classification. Further, Ang et al.
proposed interference-less networks in his paper. He divided
features into several groups without interference in the same
group. Such an approach led to more acceptable results from
the experiments [23].
Moreover, Chao et al. used a decision tree to implement
IAL, and presented Intelligent, Incremental and Interactive
Learning (i+Learning) and i+Learning regarding attributes
(i+LRA) in their paper [9]. These algorithms were employed
to run in 16 different datasets supplied by UCI. The results
indicated that the algorithms based on IAL performed better
than ITI in 14 of the 16 datasets. Furthermore, Agrawal and
Bala presented an incremental Bayesian classification
approach for multivariate normal distribution data. In their
experiments, features are imported one by one into Bayesian
classifier. Their experimental results also demonstrates that
feature-based
incremental
Bayesian
classifier
is
computationally efficient over batch Bayesian classifier in
terms of time, although both of the results derived by these
two methods are equivalent [25]. In addition, successful
research on incremental SVM extended IAL to a wider
application field [7]. All of these previous IAL studies
showed that IAL can indeed improve the performance of
pattern recognition. These studies denoted that different
feature ordering can exhibit different pattern recognition
results and feature ordering is gradually recognized as a
formal preprocessing step of IAL.
Recently, IAL has been employed into real-world
application. Kankuekul et al. developed a new online
incremental zero-shot learning method based on
self-organizing and incremental neural networks (SOINN)
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for applications in robotics and mobile communications.
Comparing the conventional method with their proposed
approach, this novel approach can learn new attributes and
update existing attributes in an online incremental manner in
a more effective way [26]. Moreover, Kawewong, A. and O.
Hasegawa presented a new approach called Attribute
Transferring based on SOINN (AT-SOINN) for learning and
classifying object's attribute in an online incremental manner.
Comparing with some state-of-the-art methods, AT-SOINN
performs a fast attribute learning, transferring and
classification while at the same time retaining the high
accuracy of attribute classification [27].
IAL is definitely can be implemented based on a number of
intelligent predictive methods. The achievements of IAL
contribute to the characteristics of this novel machine
learning strategy. Compared with other machine learning
strategies for pattern recognition, some of these
characteristics are similar to the existing methodologies
while others are not. For example, there is another
well-known
“divide-and-conquer”
strategy
called
Incremental Learning (IL), which concentrates on the
number increase with respect to training samples [28].
Nevertheless, IAL is different. It focuses on an increase in the
number of features. In addition, IAL utilizes features one by
one, or group by group, which is different from conventional
machine learning techniques that always train data in one
batch. Last but not least, apart from feature reduction in
preprocessing, IAL has another unique data preparation
process called feature ordering that is required for almost all
problems solved by IAL.
B. Preprocessing of IAL
Preprocessing is a very important stage for every machine
learning algorithm. It can enhance the performance, reduce
the problem scales and increase the accuracy. Usually,
feature selection and feature extraction are conventional
approaches for pattern classification. However, in IAL,
features are gradually imported into the training systems, so
that the preprocessing of IAL is not the same as conventional
algorithms. Apart from feature selection and extraction,
feature ordering is also necessary for IAL's feature
preprocessing. It will determine which feature should be
introduced into training in the first place and which one
should be imported later.
In previous studies, features ordering have been
researched in many different ways. Features are sorted based
on wrappers [6] or filter approaches. In the aspects of filter
approaches, statistical correlations[29], entropy[30], Fisher's
Linear Discriminant[31] and some other integrated
approaches[32-34] are employed for the feature ranking, and
features are sorted before it is imported into the training
systems. Experimental results shown that these preprocessing
approaches for feature ordering can effectively obtain better
performance for pattern classification problems. In previous
studies ,these algorithms are employed for Neural Networks.
Therefore, such a method is used for KNN. Whether it is still
feasible for KNN will be verified in this research.
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III. KNN BASED ON IAL
A. KNN
K Nearest Neighbors (KNN) algorithm is a non-parametric
method used for classification, where the input consists of the
k closest training examples in the feature space, and the
output in classification is a class membership. An object is
classified by a majority vote of its neighbors, with the object
being assigned to the class most common among its k nearest
neighbors (k is a positive integer, typically small). If k = 1,
then the object is simply assigned to the class of that single
nearest neighbor. KNN is a type of instance-based learning,
or lazy learning, where the function is only approximated
locally and all computation is deferred until classification.
The KNN algorithm is among the simplest of all machine
learning algorithms.
B. KNN with IAL
IAL preprocessing for KNN is not special but the same as
it is used for other pattern classification algorithms, like NN
or GA. Therefore, feature preprocessing methods used for
other classification problems also can be employed for KNN.
This includes feature selection, feature extraction and feature
ordering. Moreover, once the training sequence is obtained,
KNN will be applied on different dimensions, and maybe
different labels will be given to each pattern in different
dimensions. The first majority label of the pattern will be
regarded as the final result of the classification. This
algorithm is named as KNNIAL. Main steps of KNNIAL
algorithm has been shown below.
Algorithms of KNNIAL
Step 1. Data Normalization.
Step 2. Feature Ordering is derived from some criteria.
Step 3. Data Transformation according to the ordering.
Step 4. Dataset is divided into training and testing sets.
Step 5. The 1st feature is imported. Select the 1st pattern in
testing set, seek the k nearest neighbors of this pattern in
training set, mark the 1st pattern with the class label whose
quantity is the largest in k patterns.
Step 6. After all patterns are tested with feature 1, all
patterns obtain it temporary label derived from feature 1.
Step 7. Continue this operation, until the last pattern in last
feature, then all patterns will get a series of labels derived
from different features, respectively.
Step 8. Label the pattern with the first majority according
to all labels derived from different features.

IV. BENCHMARKS
The proposed KNN with ordered IAL method were tested
on three benchmarks from UCI machine learning
datasets[10]. They are Diabetes, Cancer, and Thyroid. All of
these three datasets are classification problems. In these
experiments, all the patterns were randomly divided into two
groups: training set (50%), and testing set (50%). Especially,
the training data were firstly used to rank features based on
Accumulative Discriminability(AD) [32] in the first place as
a preprocessing task while KNNIAL was employed for
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classification according to this feature ordering in the
following step. Furthermore, to compare with approaches
without using IAL, conventional approaches where features
are imported into KNN in one batch are also employed for the
comparison. Error rate and the variance of the error rates
were employed to evaluate the performance of pattern
classification. Especially, the variance is also the symbol for
the stability of proposed approach. The following
subsections present the details of different experiments using
different datasets.
A. Diabetes
Diabetes is a two-category classification problem which
has 8 continuous input features that are used to diagnose
whether a Pima Indian has diabetes or not. There are 768
patterns in this dataset, 65% of which belong to class 1 (no
diabetes), 35% class 2 (diabetes). Table I shows the results in
comparison with classification using KNNIAL based on AD
feature ordering and the conventional method which has no
feature ordering. According to the results, KNNIAL obtained
the lowest error rate (23.96%) when the k=5. Moreover, the
variance of KNNIAL is 0.0004075, which is much lower
than that of conventional KNN, which is 0.0005499. Thus
using KNNIAL can obtain a better and more stable result in
Diabetes.
B. Cancer
Cancer is a classification problem including 9 continuous
inputs, 2 outputs, and 699 patterns, which is used to diagnose
breast cancer. 66% of the patterns belong to class 1 (benign)
and 34% of them belong to class 2 (malign). Table II shows
Cancer’s experimental results. By comparison, based on the
feature ordering derived from AD, KNNIAL in this test
obtained better results when k=5 and k=7, where the
classification error rate is 1.15%. Although conventional
KNN also obtained a 1.15% in error rate when k=3, but the
variance of KNNIAL is 0.0000303 and that of conventional
KNN is 0.0000521, which showed that KNNIAL is more
stable than the conventional method.
C. Thyroid
Thyroid diagnoses whether a patient’s thyroid has
over-function, normal function, or under-function based on
patient query data and patient examination data. This
classification problem has 21 inputs features, 3 outputs, and
7200 patterns, where class 1, 2 and 3 have 2.3%, 5.1% and
92.6% of all the patterns, respectively. Table III presents the
classification results of Thyroid dataset, where the KNN
based on IAL was using the feature ordering derived from
AD. Compared with the error rate of conventional KNN,
KNNIAL exhibited better performance, where the lowest
error rate of the former is 6.22% (k=3 and k=5) and that of
the latter is 3.28% (k=1 and k=3), and the variance of the
former is 0.0000141 and that of the latter is 0.0000027. Such
a result shows that KNNIAL is much better than
conventional KNN.

IMECS 2018

Proceedings of the International MultiConference of Engineers and Computer Scientists 2018 Vol II
IMECS 2018, March 14-16, 2018, Hong Kong

REFERENCES

TABLE I
RESULTS OF DIABETES
Feature Ordering

KNNIAL (AD)

2-6-7-8-5-4-1-3

KNN Conventional method

Classification Error
28.65%(k=1)
25.00%(k=3)
23.96%(k=5)
25.52%(k=7)
VAR: 0.0004075
30.21%(k=1)
25.52%(k=3)
25.52%(k=5)
25.52%(k=7)
VAR: 0.0005499

TABLE II
RESULTS OF CANCER
Feature Ordering

KNNIAL (AD)

3-2-6-7-5-1-8-4-9

KNN Conventional method

[1]
[2]

[3]

[4]

[5]

[6]
Classification Error
1.72%(k=1)
2.30%(k=3)
1.15%(k=5)
1.15%(k=7)
VAR: 0.0000303
2.87%(k=1)
1.15%(k=3)
1.72%(k=5)
1.72%(k=7)
VAR: 0.0000521

[7]

[8]

[9]

TABLE III
RESULTS OF THYROID
Feature Ordering

KNNIAL (AD)

21-18-19-1520-17-13-7-125-4-8-3-9-16-614-1-11-10-2

KNN Conventional method

Classification Error
3.28% (k=1)
3.28% (k=3)
3.50% (k=5)
3.61% (k=7)
VAR: 0.0000027
7.00%(k=1)
6.22%(k=3)
6.22%(k=5)
6.33%(k=7)
VAR: 0.0000141

V. CONCLUSIONS AND FUTURE WORK
In this paper, KNN based on IAL is presented for pattern
classification. Different from conventional KNN which
imports features in one batch, KNNIAL introduces features
one by one according to the feature ordering based on some
preprocessing feature ranking method. Experimental results
using UCI benchmarks show that KNNIAL based on AD
feature ordering can not only obtain lower classification error
rates with different datasets, but also exhibit more stable
performance than the conventional KNN. The reason why
KNNIAL performs better than conventional KNN is that
features with greater Discriminability are reused again and
again in KNNIAL, where their weights in IAL is heavier than
those with small Discriminability. In addition, KNN works
faster than some other predictive methods, like Neural
Networks or Genetic Algorithms. Therefore, KNNIAL is an
efficient approach for fast solutions of pattern classification.

[10]
[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

ISBN: 978-988-14048-8-6
ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)

S. M. Weiss and N. Indurkhya, Predictive data mining: a
practical guide: Morgan Kaufmann, 1998.
H. Liu, E. R. Dougherty, J. G. Dy, K. Torkkola, E. Tuv, H. Peng,
et al., "Evolving feature selection," Intelligent Systems, IEEE, vol.
20, pp. 64-76, 2005.
S. U. Guan and F. M. Zhu, "An incremental approach to
genetic-algorithms-based classification," Ieee Transactions on
Systems Man and Cybernetics Part B-Cybernetics, vol. 35, pp.
227-239, Apr 2005.
F. Zhu and S.-U. Guan, "Ordered incremental training with
genetic algorithms," International Journal of Intelligent Systems,
vol. 19, pp. 1239-1256, 2004.
S.-U. Guan and S. Li, "Incremental learning with respect to new
incoming input attributes," Neural Processing Letters, vol. 14, pp.
241-260, 2001.
S.-U. Guan and J. Liu, "Incremental neural network training with
an increasing input dimension," Journal of Intelligent Systems,
vol. 13, pp. 45-69, 2004.
X. Liu, G. Zhang, Y. Zhan, and E. Zhu, "An incremental feature
learning algorithm based on least square support vector machine,"
in 2nd International Frontiers in Algorithmics Workshop, FAW
2008, June 19, 2008 - June 21, 2008, Changsha, China, 2008, pp.
330-338.
W. Bai, S. Cheng, E. M. Tadjouddine, and S.-U. Guan,
"Incremental attribute based particle swarm optimization," in
2012 8th International Conference on Natural Computation,
ICNC 2012, May 29, 2012 - May 31, 2012, Chongqing, China,
2012, pp. 669-674.
S. Chao and F. Wong, "An incremental decision tree learning
methodology regarding attributes in medical data mining," in
2009 International Conference on Machine Learning and
Cybernetics, July 12, 2009 - July 15, 2009, Baoding, China, 2009,
pp. 1694-1699.
A. Frank and A. Asuncion. (2010). UCI Machine Learning
Repository. Available: http://archive.ics.uci.edu/ml/
S.-U. Guan and J. Liu, "Feature selection for modular networks
based on incremental training," Journal of Intelligent Systems,
vol. 14, pp. 353-383, 2005.
S. U. Guan and S. C. Li, "Parallel growing and training of neural
networks using output parallelism," Ieee Transactions on Neural
Networks, vol. 13, pp. 542-550, May 2002.
T. Wang, S.-U. Guan, and F. Liu, "Feature discriminability for
pattern classification based on neural incremental attribute
learning," in Foundations of Intelligent Systems: Proceedings of
the Sixth International Conference on Intelligent Systems and
Knowledge Engineering, Shanghai, China, Dec 2011
(ISKE2011), Tiergartenstrasse 17, Heidelberg, D-69121,
Germany, 2011, pp. 275-280.
S.-U. Guan and P. Li, "A hierarchical incremental learning
approach to task decomposition," Journal of Intelligent Systems,
vol. 12, pp. 201-223, 2002.
C. Bao and S.-U. Guan, "Reduced training for hierarchical
incremental class learning," in 2006 IEEE Conference on
Cybernetics and Intelligent Systems, June 7, 2006 - June 9, 2006,
Bangkok, Thailand, 2006.
S.-U. Guan, C. Bao, and R.-T. Sun, "Hierarchical incremental
vlass learning with reduced pattern training," Neural Processing
Letters, vol. 24, pp. 163-177, 2006.
S.-U. Guan and K. Wang, "Hierarchical incremental class
learning with output parallelism," Journal of Intelligent Systems,
vol. 16, pp. 167-193, 2007.
S. U. Guan and J. Liu, "Incremental ordered neural network
training," Journal of Intelligent Systems, vol. 12, pp. 137-172,
2002.
S.-U. Guan, J. Liu, and Y. Qi, "An incremental approach to
contribution-based feature selection," Journal of Intelligent
Systems, vol. 13, pp. 15-44, 2004.
S.-U. Guan and P. Li, "Incremental learning in terms of output
attributes," Journal of Intelligent Systems, vol. 13, pp. 95-122,
2004.
S. U. Guan, C. Bao, and T. Neo, "Reduced pattern training based
on task decomposition using pattern distributor," Ieee
Transactions on Neural Networks, vol. 18, pp. 1738-1749, Nov
2007.
C. Y. Bao, T. N. Neo, and S. U. Guan, "Reduced pattern training
in pattern distributor networks," Journal of Research and

IMECS 2018

Proceedings of the International MultiConference of Engineers and Computer Scientists 2018 Vol II
IMECS 2018, March 14-16, 2018, Hong Kong

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Practice in Information Technology, vol. 39, pp. 273-286, Nov
2007.
J. H. Ang, S. U. Guan, K. C. Tan, and A. Al Mamun,
"Interference-less neural network training," Neurocomputing, vol.
71, pp. 3509-3524, Oct 2008.
F. M. Zhu and S. U. Guan, "Cooperative co-evolution of
GA-based classifiers based on input decomposition,"
Engineering Applications of Artificial Intelligence, vol. 21, pp.
1360-1369, Dec 2008.
R. K. Agrawal and R. Bala, "Incremental Bayesian classification
for multivariate normal distribution data," Pattern Recognition
Letters, vol. 29, pp. 1873-1876, 2008.
P. Kankuekul, A. Kawewong, S. Tangruamsub, and O. Hasegawa,
"Online incremental attribute-based zero-shot learning," in 2012
IEEE Conference on Computer Vision and Pattern Recognition,
CVPR 2012, June 16, 2012 - June 21, 2012, Providence, RI,
United states, 2012, pp. 3657-3664.
A. Kawewong and O. Hasegawa, "Fast and incremental attribute
transferring and classifying system for detecting unseen object
classes," in 20th International Conference on Artificial Neural
Networks, ICANN 2010, September 15, 2010 - September 18,
2010, Thessaloniki, Greece, 2010, pp. 563-568.
S. Baluja, "Population-Based Incremental Learning: A Method
for Integrating Genetic Search Based Function Optimization and
Competitive Learning," Carnegie Mellon University1994.
T. Wang, S.-U. Guan, and F. Liu, "Correlation-based Feature
Ordering for Classification based on Neural Incremental
Attribute Learning," International Journal of Machine Learning
and Computing, vol. 2, pp. 807-811, 2012.
T. Wang, S.-U. Guan, and F. Liu, "Entropic feature
discrimination ability for pattern classification based on neural
IAL," in 9th International Symposium on Neural Networks, ISNN
2012, July 11, 2012 - July 14, 2012, Shenyang, China, 2012, pp.
30-37.
T. Wang and S.-U. Guan, "Feature Ordering for Neural
Incremental Attribute Learning based on Fisher's Linear
Discriminant," presented at the 5th International Conference on
Intelligent Human-Machine Systems and Cybernetics, IHMSC
2013, Hangzhou, China, 2013.
T. WANG, S.-U. GUAN, K. L. MAN, T. O. TING, and A.
LISITSA,
"OPTIMIZED
NEURAL
INCREMENTAL
ATTRIBUTE LEARNING FOR CLASSIFICATION BASED
ON STATISTICAL DISCRIMINABILITY," International
Journal of Computational Intelligence and Applications, vol. 13,
p. 1450019, 2014.
T. Wang, S.-U. Guan, S. Puthusserypady, and P. W. H. Wong,
"Statistical Discriminability Estimation for Pattern Classification
Based on Neural Incremental Attribute Learning," International
Journal of Applied Evolutionary Computation (IJAEC), vol. 5, pp.
37-57, 2014.
T. Wang, S.-U. Guan, T. O. Ting, K. L. Man, and F. Liu,
"Evolving linear discriminant in a continuously growing
dimensional space for incremental attribute learning," in 9th IFIP
International Conference on Network and Parallel Computing,
NPC 2012, September 6, 2012 - September 8, 2012, Gwangju,
Korea, Republic of, 2012, pp. 482-491.

half years. He served as deputy director for the Computing Center and the
chairman for the Department of Information & Communication Technology.
Later he joined the Electrical & Computer Engineering Department at
National University of Singapore as an associate professor.
Zhihong Wang was awarded her MSc by Xi'an Jiao Tong
University, and now she is an associate professor of Wuxi
Higher Vocational School of Tourism and Commerce,
which is also known as Wuxi School of Tourism and
Commerce, Jiangsu Union Technical Institute. She has rich
experience in the research and industrial cooperation in the
fields of computer science and its applications in
correlative areas. At present, her main research interests focuses on the big
data and its application in tourism and commerce.

Ting Wang received his PhD in Computer Science at
University of Liverpool in Dec. 2013, and finished his
Postdoctoral Research at State Key Laboratory of
Intelligent Technology and Systems, Department of
Computer Science and Technology, Tsinghua University
in 2016. He is now the Director Assistant of Research
Center of Network Information and Social Management,
Wuxi Research Institute of Applied Technologies, Tsinghua University and
Associate Professor in the School of Journalism and Communications,
Shanghai International Studies University. His current research interests
focus on Artificial Intelligence, Machine Learning, Pattern Recognition.
Sheng-Uei Guan received his M.Sc. & Ph.D. from the
University of North Carolina at Chapel Hill. He is currently
a professor and head of the Research Institute of Big Data at
Xian Jiaotong-Liverpool University. Before joining XJTLU,
he was a professor and chair in intelligent systems at Brunel
University, UK.
Prof. Guan has worked in a prestigious R&D organization for several
years, serving as a design engineer, project leader, and manager. After
leaving the industry, he joined Yuan-Ze University in Taiwan for three and

ISBN: 978-988-14048-8-6
ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)

IMECS 2018

