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TABLE XI
TRAINING AND TESTING TIME (SECONDS) ON SEVEN UCI DATASETS

Running time
Type Datasets (i)DTA-LS-SVM LS-SVM SVM
training | testing | training | testing | training | testing
breast cancer 2.278 1.979 8776.1 1.399 19553 2.498
Imbalanced | pimg ndians | 2731 | 2.376 | 10512 | 1447 | 28950 | 3.018
Indians liver 1.886 1.679 6488.1 1.249 13304 2.087
australian 3.472 2.935 12103 1.835 22059 3.209
Balanced diabetic 12.698 10.600 | 73863 6.568 129790 | 12.943
credit approval 3.638 2.782 11660 2.203 18138 3.190
mammographic 2.279 1.933 8340.3 1.034 29387 3.212
TABLE XII

PERFORMANCE RESULTS ON THE MIHC DATASET USING iDTA-LS-SVM

Performances
iDTA-LS-SVM
MIHC Part (a) Part (b)
training testing training testing
Accuracy | 0.7261+0.0094 | 0.7331£0.0218 | 0.72104+0.0102 | 0.7425+0.0266
Fl-score | 0.8413£0.0063 | 0.84924+0.0147 | 0.8358+0.0100 | 0.8553+0.0233

DTA-LS-SVM and iDTA-LS-SVM is the summation of the
running time in each module plus the running time for the
parameter tuning of A; (/ = 1,2,...,L) using a fast leave-
one-out cross validation strategy. The regularization parameter
C; (I = 1,2,...,L) in each module and the kernel width
§ can be randomly chosen instead of using model selection
strategy, which also significantly reduces the running time.
Conversely, LS-SVM and SVM take much more time to pro-
duce the optimal values for C and § by searching from 8
and 9 grid values, respectively, which is much more computa-
tionally expensive. After this comparison, DTA-LS-SVM and
iDTA-LS-SVM exhibited superior advantages in running times
compared to other methods.

B. Real-World Dataset: the Community Healthcare Dataset

In this section, a real community healthcare dataset was used
in the experiments to investigate performances of the proposed
classifiers DTA-LS-SVM and iDTA-LS-SVM.

This dataset was collected in the nurse-led PolyU-Henry G.
Leong Mobile Integrative Health Care Centre (MIHC) [40] in
August 2013. It contains 444 patient records with 33 features,
such as demographic, socio-economic, social relationship, and
social participation data. Additionally, information on the
patients’ health history, such as smoking and drinking habits,
chronic illnesses, and data from a series of health assessments
with descriptions was included. Due to the nature of both the
tests performed on the mobile clinic and the patients’ them-
selves, some values in the dataset were missing. For example,
language barriers affect the communications between nurses
and patients. The missing values in the dataset were filled in by
using the K-nearest neighbor (KNN) imputation method [41]
with their corresponding values from the nearest-neighbor
columns using the corresponding Euclidean distance.

The label information is the overall quality of life (QOL)
score on a 1-5 scale of 444 patients obtained using the
World Heath Organization questionnaire on QOL: from the

Hong Kong short version framework [42], [43]. After analy-
sis, the proportion of the two constructed classes (“poor” and
“good”) was 122 and 322, respectively. We aim to construct a
classifier to predict the QOL of elderly patients (poor or good)
using these 33 features from this MIHC dataset.

Since the two classes were originally imbalanced, iDTA-
LS-SVM was used on the datasets, and its classification
performance was compared with those using DTA-LS-SVM,
LS-SVM, and SVM. In addition, for iDTA-LS-SVM and DTA-
LS-SVM, experiments were divided into two parts for more
detailed comparisons.

1) Part (a): In layer 1 of DTA-LS-SVM and iDTA-LS-
SVM, the complete portion of the MIHC dataset, which
had no missing data was used to train an AK-LS-SVM
model. From layer 2, the whole dataset after imputa-
tion and its corresponding predictions from the previous
model were used as the new data input.

Part (b): In layer 1 of DTA-LS-SVM and iDTA-
LS-SVM, the whole MIHC dataset was used after
imputation as the input.

The number of processing layers in both DTA-LS-SVM
and iDTA-LS-SVM was set to 3 in these experiments. The
ratio of training and testing data sets was set to 7:3. The
classification accuracies and the running time of DTA-LS-
SVM, iDTA-LS-SVM and the comparative methods on the
training and testing datasets are listed in Tables XII-XIV.
From the experimental results, iDTA-LS-SVM in Part (b) has
achieved the best testing accuracy (0.7425) and an F-score
of 0.8553 compared to DTA-LS-SVM, LS-SVM and SVM
on the MIHC dataset. In Part (a), it achieved an accuracy
of 0.7331 and an F-score of 0.8492, which are still higher
than other methods. It shows that iDTA-LS-SVM is more
suitable for classification on imbalanced datasets. The tradi-
tional LS-SVM had the worst accuracy and F-score on the
testing dataset, iDTA-LS-SVM based on the combination of
several AK-LS-SVM modules achieved the best accuracy. We
believe that this performance improvement has arisen from

2)
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TABLE XIII
PERFORMANCE RESULTS ON THE MIHC DATASET USING DTA-LS-SVM AND THE OTHER COMPARATIVE METHODS

the stacked generalization principle and the transfer learning
mechanism. In terms of the running time, DTA-LS-SVM and
iDTA-LS-SVM remains superior over LS-SVM and SVM.
In addition, we also notice that in the experimental results of
DTA-LS-SVM and iDTA-LS-SVM, both accuracy and F-score
on the testing data set are higher than those on the training data
set. There might be two reasons to explain these results. First,
DTA-LS-SVM and iDTA-LS-SVM used the stacked hierarchi-
cal architecture to enhance generalization performances and
this is reflected in the obtained results. Second, in the data
preparation, the KNN imputation method was used to fill in

Performances
DTA-LS-SVM
MIHC Part (@ Part (0) LS-SVM SVM
training testing training testing training testing training testing
Accuracy | 0.72031+0.0133 | 0.7266+0.0309 | 0.7294+0.0146 | 0.7224£0.0391 [ 0.7510+0.0452 | 0.7050+0.0398 [ 0.7274£0.0166 | 0.7201+0.0384
Fl-score | 0.8374+0.0090 | 0.8380+0.0205 | 0.8430+0.0101 | 0.8379+0.0262 | 0.8452+0.0103 | 0.8268+0.0439 | 0.8435+0.0057 | 0.834140.0133
TABLE XIV
TRAINING AND TESTING TIME (SECONDS) ON THE MIHC DATASET
iDTA-LS-SVM DTA-LS-SVM
MIHC Part (a) Part (b) Part (a) Part () LS-SVM SVM
training | testing | traning | testing | training | testing | training | testing | training | testing | training | testing
Time (s) 5.530 5.201 5.837 5.437 4.343 4.019 4.673 4.217 4950.6 2.398 1157.8 4.183
TABLE XV

AVERAGE RANKINGS OF DTA-LS-SVM AND THE COMPARATIVE
METHODS ON BALANCED DATASETS IN TERMS OF ACCURACY
(p-VALUE = 0.049787)

Methods Ranking
DTA-LS-SVM 1
LS-SVM 2.5
SVM 2.5
TABLE XVI

HoLM PoST-HOC COMPARISON RESULTS FOR DTA-LS-SVM AND THE
OTHER METHODS IN TERMS OF ACCURACY WITH o = 0.05

missing values in the MIHC dataset. Following this proce- i | Methods | z-value | p-value | Holm = afi
dure, the distributions in the training and testing sets might be 2 | LS-SVM | 2.12132 | 0.033895 0.025
mismatched. Referring to Gonzilez and Abu-Mostafa’s [44] ! SVM 212132 | 0.033895 0.05
conclusions, we postulate that mismatched distributions also

TABLE XVII

occurred in this experiment, which may have caused a higher
testing accuracy and F-score in DTA-LS-SVM and iDTA-LS-
SVM.

C. Statistical Analysis

In order to detect significant differences among the exper-
imental results of the proposed methods and the comparative
methods, we also carried out the Friedman ranking test
followed by Holm post-hoc test [45], [46] for multiple compar-
isons on the testing sets of four balanced and four imbalanced
datasets in which the ratio of training and testing data sets is
7:3. The Friedman ranking test was used to evaluate whether
there was a statistically significant difference among these
methods. The null hypothesis is that there is no statistically
difference. If the p-value is smaller than 0.5, the null hypoth-
esis is rejected. The Holm post-hoc test was used to further
verify if there was a statistical difference between the best
Friedman ranking method and each remaining method. We
used o = 0.05 as the level of confidence in all cases. First,
we conducted two Friedman ranking tests to assess whether
there are significant differences between: 1) DTA-LS-SVM
and the comparative methods on four balanced UCI datasets
in terms of accuracy and Fl-score and 2) iDTA-LS-SVM and
the comparative methods on three imbalanced UCI datasets
and one real-world TRUS dataset in terms of Fl-score. Here,
experimental results of both parts (a) and (b) on the TRUS
dataset were included.

AVERAGE RANKINGS OF DTA-LS-SVM AND THE COMPARATIVE
METHODS ON BALANCED DATASETS IN TERMS OF F1-SCORE
(p-VALUE= 0.038774)

Methods Ranking
DTA-LS-SVM 1
LS-SVM 2.25
SVM 2.75

The ranking results of Friedman test (1) in terms of accuracy
and Fl-score are shown in Tables XV and XVII, respectively.
The results reveal that there are significant differences in the
both performance metrics between DTA-LS-SVM and other
comparative methods. Then we conducted the Holm post-
hoc tests to compare the best ranking method DTA-LS-SVM
with LS-SVM and SVM in terms of accuracy and Fl-score,
and presented the results in Tables XVI and XVIII, where
the methods are ranked according to the obtained z-values.
Holm post-hoc test rejects the hypothesis of equivalence for
the methods with p < «/i. According to the results in these
tables, we know that DTA-LS-SVM is at least comparable to
LS-SVM and SVM on balanced datasets in terms of accu-
racy; and is at least comparable to LS-SVM and statistically
outperforms SVM on balanced datasets in terms of Fl-score.

The ranking results of Friedman test (2) are shown in
Table XIX. The results reveal that there are significant dif-
ferences in terms of Fl-score between iDTA-LS-SVM and
the other comparative methods. Then we conducted the Holm
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TABLE XVIII
HoLM PosT-HOC COMPARISON RESULTS FOR DTA-LS-SVM AND THE
OTHER METHODS IN TERMS OF F1-SCORE WITH o = 0.05

4 | Methods z-value p-value Holm = a/i

2 SVM 2.474874 | 0.013328 0.025

1 | LS-SVM | 1.767767 0.0771 0.05
TABLE XIX

AVERAGE RANKINGS OF iDTA-LS-SVM AND THE COMPARATIVE
METHODS ON IMBALANCED DATASETS IN TERMS OF F1-SCORE
(p-VALUE = 0.022371)

Methods Ranking
iDTA-LS-SVM 1
LS-SVM 2.6
SVM 2.4
TABLE XX

HoLM PosT-HOC COMPARISON RESULTS FOR iDTA-LS-SVM AND THE
OTHER METHODS WITH o = 0.05

i | Methods z-value p-value Holm = a/i
2 | LS-SVM | 2.529822 | 0.011412 0.025
SVM 2.213594 | 0.026857 0.05

post-hoc test to compare the best ranking method iDTA-LS-
SVM with LS-SVM and SVM, and presented the results in
Table XX. According to the obtained results, iDTA-LS-SVM
outperforms the other methods on imbalanced datasets in terms
of Fl-score in our experiments.

In summary, the proposed methods are at least comparable
to or even better than LS-SVM and SVM in terms of accuracy
and/or F1-score with the faster learning speed.

V. CONCLUSION

AK-LS-SVM has been applied recently in many classi-
fication tasks. In this paper, to improve its generalization
performance and learning speed, we proposed the novel clas-
sifier DTA-LS-SVM to be applied to balanced datasets, which
follows the stacked generalization principle and transfer learn-
ing mechanism, and its extended version iDTA-LS-SVM on
imbalanced datasets. DTA-LS-SVM and iDTA-LS-SVM stack
multiple AK-LS-SVMs layer-by-layer, where the prediction
from the previous module becomes one additional feature
space together with the original data inputs to train the next
module of the next layer. Moreover, transfer learning is embed-
ded into the deep architecture to guarantee consistency across
adjacent modules, and thus the classification capability of the
module at the higher layer can be further enhanced. In addi-
tion, transfer learning based on AK-LS-SVM can perfectly
formulate a fast leave-one-out cross validation strategy for the
learning parameter tuning such that even though the kernel
width and the regularization parameter are randomly selected,
the performance of the proposed method can remain outstand-
ing. We compared the proposed method with the traditional
LS-SVM and SVM using additive Gaussian kernels on seven
public UCI datasets and one real world community healthcare
dataset. The experimental results indicate that the proposed
classifiers DTA-LS-SVM and iDTA-LS-SVM have the supe-
rior advantages on the generalization performance and the
running time. Moreover, the experimental results also reveal

that both DTA-LS-SVM and iDTA-LS-SVM have the potential
to be applied in a real world application.

Even though the proposed methods show a promising
performance, this paper has some limitations that will be
addressed in the future work. For example, DT-AK-LS-SVM
has to use the same kernel in every processing layer. The
proposed model will be investigated using different kernels in
the stacked architecture to further improve the generalization
performance.

REFERENCES

[1] G. C. Cawley, “Leave-one-out cross-validation based model selection
criteria for weighted LS-SVMSs,” in Proc. 6th Joint Int. Conf. Neural
Netw., Vancouver, BC, Canada, 2006, pp. 1661-1668.

[2] H. Yang and J. Wu, “Practical large scale classification with addi-
tive kernels,” in Proc. 4th Asian Conf. Mach. Learn., Singapore, 2012,
pp. 523-538.

[3] A. Vedaldi and A. Zisserman, “Efficient additive kernels via explicit
feature maps,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 34, no. 3,
pp. 480492, Mar. 2012.

[4] S. Maji, A. C. Berg, and J. Malik, “Efficient classification for additive
kernel SVMS,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 35, no. 1,
pp. 6677, Jan. 2013.

[5] D. K. Duvenaud, H. Nickisch, and C. E. Rasmussen, “Additive Gaussian
processes,” in Proc. Adv. Neural Inf. Process. Syst., Granada, Spain,
2011, pp. 226-234.

[6] G. Wang, Z. Deng, and K.-S. Choi, “Tackling missing data in commu-
nity health studies using additive LS-SVM classifier,” IEEE J. Biomed.
Health Inform., to be published, doi: 10.1109/JBHI.2016.2634587.

[71 C. M. Salgado et al., “Takagi—-Sugeno fuzzy modeling using mixed
fuzzy clustering,” IEEE Trans. Fuzzy Syst., to be published, doi:
10.1109/TFUZZ.2016.2639565.

[8] B. Fan, X. Lu, and H.-X. Li, “Probabilistic inference-based least squares
support vector machine for modeling under noisy environment,” /EEE
Trans. Syst., Man, Cybern., Syst., vol. 46, no. 12, pp. 1703-1710,
Dec. 2016.

[9] L. Bi, O. Tsimhoni, and Y. Liu, “Using the support vector regres-

sion approach to model human performance,” IEEE Trans. Syst., Man,

Cybern. A, Syst., Humans, vol. 41, no. 3, pp. 410417, May 2011.

L. Wang et al., “A UKF-based predictable SVR learning controller for

biped walking,” IEEE Trans. Syst., Man, Cybern., Syst., vol. 43, no. 6,

pp. 1440-1450, Nov. 2013.

A. Abdullah, R. C. Veltkamp, and M. A. Wiering, “An ensemble of deep

support vector machines for image categorization,” in Proc. Ist Int. Conf.

Soft Comput. Pattern Recognit., Malacca, Malaysia, 2009, pp. 301-306.

Y. Tang, “Deep learning using linear support vector machines,” in Proc.

Workshop Challenges Represent. Learn. (ICML), Atlanta, GA, USA,

2013.

A. Krizhevsky, 1. Sutskever, and G. E. Hinton, “Imagenet classifica-

tion with deep convolutional neural networks,” in Proc. Adv. Neural Inf.

Process. Syst., 2012, pp. 1097-1105.

G. E. Hinton, “Deep belief networks,” Scholarpedia, vol. 4, no. 5,

p. 5947, 2009.

R. Salakhutdinov and G. E. Hinton, “Deep Boltzmann machines,” in

Proc. 12th Int. Conf. Artif. Intell. Stat., vol. 1. Clearwater, FL, USA,

2009, pp. 448-455.

M. Wang, H.-X. Li, X. Chen, and Y. Chen, “Deep learning-based model

reduction for distributed parameter systems,” IEEE Trans. Syst., Man,

Cybern., Syst., vol. 46, no. 12, pp. 1664-1674, Dec. 2016.

[17] L. Deng and D. Yu, “Deep convex net: A scalable architecture for speech

pattern classification,” in Proc. 12th Annu. Int. Conf. Speech Commun.

Assoc., Florence, Italy, 2011, pp. 2285-2288.

D. H. Wolpert, “Stacked generalization,” Neural Netw., vol. 5, no. 2,

pp. 241-259, 1992.

L. Deng, G. Tur, X. He, and D. Hakkani-Tur, “Use of kernel deep convex

networks and end-to-end learning for spoken language understanding,”

in Proc. 4th IEEE Workshop Spoken Lang. Technol., Miami, FL, USA,

2012, pp. 210-215.

B. Hutchinson, L. Deng, and D. Yu, “Tensor deep stacking networks,”

IEEE Trans. Pattern Anal. Mach. Intell., vol. 35, no. 8, pp. 1944-1957,

Aug. 2013.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[18]

[19]

[20]


http://dx.doi.org/10.1109/JBHI.2016.2634587
http://dx.doi.org/10.1109/TFUZZ.2016.2639565

[21]

[22]

(23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

O. Vinyals, Y. Jia, L. Deng, and T. Darrell, “Learning with recursive per-
ceptual representations,” in Proc. Adv. Neural Inf. Process. Syst., 2012,
pp. 2825-2833.

S. J. Pan and Q. Yang, “A survey on transfer learning,” IEEE Trans.
Knowl. Data Eng., vol. 22, no. 10, pp. 1345-1359, Oct. 2010.

W. Dai, Q. Yang, G.-R. Xue, and Y. Yu, “Boosting for transfer learn-
ing,” in Proc. 24th Int. Mach. Learn. Conf., Corvallis, OR, USA, 2007,
pp. 193-200.

J. Jiang and C. Zhai, “Instance weighting for domain adaptation in NLP,”
in Proc. 45th Annu. Meeting Assoc. Comput. Linguist., vol. 7. Prague,
Czech Republic, 2007, pp. 264-271.

A. Quattoni, M. Collins, and T. Darrell, “Transfer learning for image
classification with sparse prototype representations,” in Proc. IEEE Int.
Conf. Comput. Vis. Pattern Recognit., Anchorage, AK, USA, 2008,
pp- 1-8.

C. Wang and S. Mahadevan, “Manifold alignment using procrustes anal-
ysis,” in Proc. 25th Int. Conf. Mach. Learn., Helsinki, Finland, 2008,
pp. 1120-1127.

M. Stark, M. Goesele, and B. Schiele, “A shape-based object class model
for knowledge transfer,” in Proc. IEEE Int. Conf. Comput. Vis. Pattern
Recognit., Kyoto, Japan, 2009, pp. 373-380.

J. Gao, W. Fan, J. Jiang, and J. Han, “Knowledge transfer via multiple
model local structure mapping,” in Proc. 14th ACM Int. Conf. Knowl.
Disc. Data Min., Las Vegas, NV, USA, 2008, pp. 283-291.

J. Lu et al, “Transfer learning using computational intelligence:
A survey,” Knowl. Based Syst., vol. 80, pp. 14-23, May 2015.

D. Rafailidis and A. Nanopoulos, “Modeling users preference dynamics
and side information in recommender systems,” IEEE Trans. Syst., Man,
Cybern., Syst., vol. 46, no. 6, pp. 782-792, Jun. 2016.

Y. Bengio, G. Mesnil, Y. Dauphin, and S. Rifai, “Better mixing via
deep representations,” in Proc. 30th Int. Conf. Mach. Learn., Atlanta,
GA, USA, 2013, pp. 552-560.

G. R. G. Lanckriet, T. De Bie, N. Cristianini, M. I. Jordan, and
W. S. Noble, “A statistical framework for genomic data fusion,”
Bioinformatics, vol. 20, no. 16, pp. 2626-2635, 2004.

T. Senechal et al., “Combining AAM coefficients with LGBP histograms
in the multi-kernel SVM framework to detect facial action units,” in
Proc. 9th IEEE Int. Conf. Autom. Face Gesture Recognit. Workshops,
Santa Barbara, CA, USA, 2011, pp. 860-865.

C.-Y. Yeh, C.-W. Huang, and S.-J. Lee, “A multiple-kernel support vector
regression approach for stock market price forecasting,” Expert Syst.
Appl., vol. 38, no. 3, pp. 2177-2186, 2011.

I. W.-H. Tsang, J. T.-Y. Kwok, and J. M. Zurada, “Generalized core vec-
tor machines,” IEEE Trans. Neural Netw., vol. 17, no. 5, pp. 1126-1140,
Sep. 2006.

R. Batuwita and V. Palade, “Class imbalance learning methods
for support vector machines,” in Imbalanced Learning: Foundations,
Algorithms, and Application, H. He and Y. Ma, Eds. Hoboken, NJ, USA:
Wiley, 2013, ch. 5, pp. 83-99.

S.-J. Lin, C. Chang, and M.-F. Hsu, “Multiple extreme learning machines
for a two-class imbalance corporate life cycle prediction,” Knowl. Based
Syst., vol. 39, pp. 214-223, Feb. 2013.

Q. Zou, S. Xie, Z. Lin, M. Wu, and Y. Ju, “Finding the best classification
threshold in imbalanced classification,” Big Data Res., vol. 5, pp. 2-8,
Sep. 2016.

S. Tan, “Neighbor-weighted K-nearest neighbor for unbalanced text
corpus,” Expert Syst. Appl., vol. 28, no. 4, pp. 667-671, 2005.

K.-S. Choi, R. K. P. Wai, and E. Y. T. Kwok, “Healthcare information
system: A facilitator of primary care for underprivileged elderly via
mobile clinic,” in Proc. Ist Int. Conf. Smart Health, Beijing, China,
2013, pp. 107-112.

G. E. Batista and M. C. Monard, “A study of k-nearest neighbour as an
imputation method,” in Proc. 2nd Int. Conf. Hybrid Intell. Syst., vol. 87.
Santiago, Chile, 2002, pp. 251-260.

K. F Leung, W. W. Wong, M. S. Tay, M. M. Chu, and
S. S. Ng, “Development and validation of the interview version of the
Hong Kong Chinese WHOQOL-BREFE,” Qual. Life Res., vol. 14, no. 5,
pp. 1413-1419, 2005.

K. E Leung, M. Tay, S. W. Cheng, and F. Lin, Hong Kong Chinese
Version World Health Organization Quality of Life Measure-Abbreviated
Version, WHOQOL-BREF (HK), Geneva, Switzerland, 1997.

C. R. Gonzidlez and Y. S. Abu-Mostafa, “Mismatched training and test
distributions can outperform matched ones,” Neural Comput., vol. 27,
no. 2, pp. 365-387, 2015.

J. DemSar, “Statistical comparisons of classifiers over multiple data sets,”
J. Mach. Learn. Res., vol. 7, pp. 1-30, Jan. 2006.

IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS: SYSTEMS

[46] S. Garcia and F. Herrera, “An extension on ‘statistical comparisons
of classifiers over multiple data sets’ for all pairwise comparisons,”
J. Mach. Learn. Res., vol. 9, pp. 2677-2694, Dec. 2008.

Guanjin Wang received the bachelor’s and master’s
degrees in information technology and systems from
Monash University, Melbourne, VIC, Australia, in
2012 and 2014, respectively.

She is currently a joint Ph.D. student with the
Faculty of Engineering and Information Technology,
University of Technology Sydney, Broadway, NSW,
Australia, and the School of Nursing, Hong Kong
Polytechnic University, Hong Kong. Her current
research interest includes machine learning, compu-
tational intelligence, and health informatics.

Guangquan Zhang received the Ph.D. degree in
applied mathematics from the Curtin University of
Technology, Perth, WA, Australia, in 2001.

He is currently an Associate Professor and
the Director of the Decision Systems and e-
Service Intelligence Laboratory, Centre for Artificial
Intelligence, Faculty of Engineering and Information
Technology, University of Technology Sydney,
Broadway, NSW, Australia. He has authored four
monographs, five reference books, and over 400
papers, including over 200 refereed journals. His
current research interests include multiobjective and group decision making,
decision support systems, fuzzy measure and optimization, concept drift, and
uncertain information processing.

Dr. Zhang was a recipient of seven Australian Research Council Discovery
Grants and several other research grants.

Kup-Sze Choi (M’97) received the Ph.D. degree in
computer science and engineering from the Chinese
University of Hong Kong, Hong Kong.

He is currently an Associate Professor with the
School of Nursing, as well as the Director of
the Centre for Smart Health and the PolyU-Henry
G. Leong Mobile Integrative Health Centre,
Hong Kong Polytechnic University, Hong Kong.
His current research interests include virtual real-
ity and artificial intelligence, and their applications
in medicine and healthcare.

Jie Lu (SM’13) received the Ph.D. degree in
information systems from the Curtin University of
Technology, Perth, WA, Australia, in 2000.

She is currently a Distinguished Professor and
the Associate Dean in research excellence with the
Faculty of Engineering and Information Technology,
and the Director of the Centre for Artificial
Intelligence, University of Technology Sydney,
Broadway, NSW, Australia. She has authored ten
research books and over 400 papers in interna-
tional journals and conferences. Her current research
interests include decision support systems, fuzzy transfer learning, recom-
mender systems, concept drift, and e-Service intelligence.

Dr. Lu was a recipient of eight Australian Research Council Discovery
Grants. She serves as the Editor-in-Chief for Knowledge-Based Systems
(Elsevier) and the International Journal of Computational Intelligence Systems
(Atlantis). She is a fellow of IFSA.



