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Abstract— Automated diagnosis of skin cancer is an active
area of research with different classification methods proposed
so far. However, classification models based on insufficient
labeled training data can badly influence the diagnosis process
if there is no self-advising and semi supervising capability in
the model. This paper presents a semi supervised, self-advised
learning model for automated recognition of melanoma using
dermoscopic images. Deep belief architecture is constructed
using labeled data together with unlabeled data, and fine
tuning done by an exponential loss function in order to
maximize separation of labeled data. In parallel a self-advised
SVM algorithm is used to enhance classification results by
counteracting the effect of misclassified data. To increase
generalization capability and redundancy of the model,
polynomial and radial basis function based SA-SVMs and Deep
network are trained using training samples randomly chosen
via a bootstrap technique. Then the results are aggregated
using least square estimation weighting. The proposed model is
tested on a collection of 100 dermoscopic images. The variation
in classification error is analyzed with respect to the ratio of
labeled and unlabeled data used in the training phase. The
classification performance is compared with some popular
classification methods and the proposed model using the deep
neural processing outperforms most of the popular techniques
including KNN, ANN, SVM and semi supervised algorithms
like Expectation maximization and transductive SVM.

I. INTRODUCTION

Malignant melanoma is one of the deadliest forms of skin
cancer. A rapid increase in melanoma cases is observed in
Europe, America, and Australia over the last few decades [1].
From treatment point of view, skin cancer is one of the most
expensive forms of cancer, but early diagnosis can make the
situation better as melanoma has near 95% cure rate if
diagnosed and treated in early stages [2]. Computer aided
diagnosis can be a very helpful tool, particularly in areas
where there is a lack of experienced specialists.

There are various diagnostic systems proposed in
literature [3-6] but as we discussed in [7] more research is
required to use multiple expert systems that can be more
robust and more efficient than a single classifier alone. Such
systems should take into consideration the experts’ advice
using the labeled data along with the capability of using
unlabeled data and self-advised learning process. This paper
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presents a part of our research being carried out to come up
with such classification model for skin cancer diagnosis.

The proposed decision support system uses adaptive
median filter for pre-processing of image to reduce the ill
effects and various artifacts like hair that may be present in
the images. It is followed by the detection of the lesion by
Histogram based fuzzy C means thresholding algorithm that
we proposed in [8]. This algorithm provided efficient
segmentation results as compared to other segmentation
methods used in literature; the comparative analysis was
presented in [9]. Once the lesion is localized, texture based
features are quantified using autoregressive modeling, Gray
Level Co-occurrence Matrix (GLCM) and Fuzzy-Mutual
Information based Wavelet packet Transform. For details of
our segmentation and feature extraction stages please refer to
[10]. Finally, the Self-supervised learning model proposed in
this paper is used for classification of cancerous and non-
cancerous skin lesions.

This paper is organized as follows: Section 2 describes
the background of the proposed classification model. Section
3 presents the theoretical details of the proposed model.
Section 4 demonstrates the experimental results, comparative
analysis and discussion, and final section for conclusions and
future work.

II. BACKGROUND OF PROPOSED LEARNING MODEL

The need to use learning techniques in any area in order
to improve performance requires a proper choice of the
learning algorithm and of their statistical validation.
Computer aided skin cancer diagnostic is a difficult problem
given the relative paucity of labeled lesion data and
consequently the low quality of training data available.
Secondly, a tradeoff between model complexity and
generalization ability of the final classification model are
some areas that are lacking attention in the research area of
automated skin cancer diagnosis.

Classification using insufficient number of labeled data is
a common hard problem [11][12]. Unfortunately, this is also
a case in developing skin cancer diagnosis models as
obtaining the labeled data from experts is not trivial, cost
money or is time consuming. To solve this issue, semi
supervised learning is proposed, which uses large amount of
unlabeled data together with labeled data to build better
learners, is an important aspect needing consideration.
Typical semi-supervised methods used for different
applications  include  Expectation-maximization (EM)
algorithm with generative mixture models [13], transductive
support vector machines[14] , graph-based methods [15], and
co-training [16] etc.

Most of semi-supervised techniques use shallow
architecture in order to model the problem [12, 17, 18].
However, for several applications, work done in machine
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learning has highlighted the circumstances which favor deep
learning architectures, such as multilayer neural nets, over
shallow architectures, such as support vector machines [19,
20]. This is because deep learning architecture, composed of
multiple levels of non-linear operations, is expected to
perform better in semi supervised learning. This is because of
its ability to better model hard artificial intelligence tasks
[21].

However, deep learning architectures are generally more
difficult to train as compared to the shallow ones. They
involve difficult nonlinear optimizations and many heuristics.
The challenges of deep learning explain the early and
continued appeal of SVMs, which learn nonlinear classifiers
via the kernel trick. Unlike deep learning architectures,
SVMs are often trained by solving a simple problem in
quadratic programming. But, machine learning is a giant
interconnected web of ideas and as the field continues,
researchers working to generalize across models and finding
new relationships in disparate concepts and models [22-24].

Based on the study of semi-supervised learning and deep
learning architecture, this paper introduces a novel semi
supervised classification model that combines the benefits of
deep belief networks and support vector machine with a self-
advising capability. It addresses the skin lesion classification
problem with unlabeled data by making efficient use of
limited labeled data. In addition to that, bootstrapping [25] is
being used to increase the generalization performance of the
proposed learning model and to prevent over fitting.

III. PROPOSED LEARNING MODEL

The proposed classification model is shown in figure 1.
Usually a single training set {(x;,y;
the number of data samples, is used if a single classifier is
being used. But in proposed model, 3 training samples sets
are needed to construct the model with 3 independent
classifiers as the proposed classification model is shown in
Figure 1. It includes deep belief net, SA-SVM (self-advised
support vector machine) with RBF (radial basis function)
kernel and with polynomial kernel. From the statistical point,
it is needed to make the training sample sets different as
much as possible in order to obtain higher improvement of
the aggregation result. For doing this, we have used bootstrap
technique to build 3 replicate training data sets by randomly
resampling, along with replacement, from the given overall
training data set repeatedly. Each replicate training set is used
to train one candidate classifier. This technique is aimed to
reduce over fitting of the overall model.

Training Data

17 Bootstrap ping —l

Training Dataset 1 Training Dataset 2 Training Dataset 3

[T e

DBN SA-SVM (RBF) SA-SVM (Poly)

| » | Aggregation using LSE ] " |
Weijhting

F(x)

Figure 1. Proposed Learning Model

For aggregating the classifiers least square error based
weighting is used. The weights of the classifier in the overall
model are determined in proportional to their accuracies of
classification [25]. Let f, (k= 1,2,3) be a decision function of
the k™ candidate that is being trained by a replicate training
data set, here k=3 is the number of classifiers used. The
weighing vector w was be obtained by w= A™ y , where A=
(fi(x}))) L > and y= (yi)ix- Then the final decision of the
classification model Fg,,(x) for a given test vector x is given
as

Finat(x) = sign (w. [fi(X)i1]) (D
The theoretical detail of the classifiers used is as follows.

A. Deep Belief Network

Deep belief net used in this paper uses a deep learning
neural architecture for classification and an exponential loss
function is used in order to maximize the separability of the
classifier.

Deep belief network is constructed on the basis of a
greedy, layer-wise unsupervised learning phase [26]. The
deep architecture consisted of a fully interconnected directed
belief network with one input layer hy, N number of hidden
layers, and one label layer at the top. The input layer has D
units which is equal to the number of features of sample data
(x1, X, p). The label layer has C units where C=2 in our
case, as we have two classes of the label output vector y. The
parameter space of the deep architecture is determined using
unlabeled data together with some of the labeled data.

Then, the resulting deep network is fine-tuned using an
exponential loss function (2). This is required to maximize
the separability of the labeled data, by gradient descent based
supervised learning method [27].

N0y = 1/CQ 0SS 2)

1.
After this fine tuning the belief network denelops a wider
margin between the labeled samples of the two classes.

B. SA-SVM

SVM is a well-known machine learning method proposed
by Vapnik [28] and is used for various applications in
machine learning. The basic idea of SVM is to construct a
maximized separating hyper plane that can separate data in
the feature space. The classic SVM usually ignores the
training data that has not been separated linearly by the
kernels during the training phase. Therefore, if data that is
similar or identical to this misclassified data appears in the
test set, it will be classified wrongly by the classifier. This
misclassification is not reasonable and it can be handled if the
available data and information has not been ignored by SVM
algorithm in the training phase.

In this paper, a non-iterative self-advising approach [29]
for SVM is adapted that extracts subsequent knowledge from
training phase and does not ignore misclassified data. The
misclassified data can usually come from two potential
sources 1) outliers 2) data that have not been linearly
separated by using any of the kernels. SA-SVM deals with
the ignorance of SVM from the knowledge that can be
acquired from misclassified data by generating advice
weights based on using the misclassified training data, and
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use these weigh together with decision values of SVM insize and care is taken that the rescaling should not badly
the test phase. These weights also help the algoiithm affect the information content.
eliminatingthe outlier dataas well The details of SAAVM

algorithm are as follows: We sekcted200 data samples for the training set, out of

which 100 are used as unlabeled data samples and rest 100
Training phase were labeled. For bootstrapping, weandomly resampled

with replacement from the training data set. We trained each
member classifier independgnbver the replicated training
data set and aggregated them via LSE weighting.

1. Separation hyperplane is found sing decision
function §TJ ' $S,, *+ "9 ).) +b) i.e. the normal
SVM training. Note that the kernelriction usedhere are o ) o
polynomialand radial Basis Function. For training of DBN, apart from the replicated training

) ) . data obtained from bootstrapping we added 100 unlabeled

2. In order b benefit from the misclassified data of thesamples as well to make the system more dynamic. Like
training phase, the misclafisd data sets (MD) in the some of he researches carried out using deep belief
training phase is determined as networks, we also found that with the help of some labeled

J %) %K'l $S,5 %4 "Q. ) PH T A3) data,_DBN efficiently useq unla}beled data as well to make
classification more dynamic. This can solve one of the major

The MD set can be null, but experimental results havssues in the area of automatedinskancer diagnostic
revealed that the occurrence of misclassified data in trainingsearch, where we have limited number of data available
phase is avery common occurrencetere, x; is the input that is labeledvith the help oEexpert dermatologists.

vector corresponding to thd' isample and labkdd by y - .
: : i . On the other hand, the training of SA_SVM is based on
depending on its class a ; is the nonnegative Lagrangethe labeled data but the selfivising capability of the

multiplier as used in standard SVie]. algorithmhelp to deal with outliers found even in the labeled
3. If the MD is null,can directlygo to the testg phase data set.
else neighbourhoodlength (NL) is computed for each

member of MD. NL is given as We tested the classification model using test data set

consisting of 100data samples.Out of which 40 were

9.TI #!1$1# (£ RN. 1 ))R* K*T (4) originally diagnosed as melanoma and 60 were befiga.
diagnosis results obtaingtirough the proposed modate
Where x . _ é)resented in table 1.
belong to the MD setHere the training data is mapped to
higher dimension, the distance betwegand x is computed TABLE 1. DIAGNOSISRESULTS OF THEPROPOSEDM ODEL
according to the following equation with reference to the
related kernel k (RBIPolynomia). Classified
g " " /
R9.TI ,Q.RISY. )TH"Q, )Pl "9.)Pr ©) Melanoma | Benign Diagnostic
Testing phase Actual Performance

1. Advised weight AW(¥Y) are computedor each x,

from the testet. Where AW is computed ag,(§hese AWSs | True False Sensitivity=
represent how close the test data to the misclassified data is| Melanoma Positive | Negative | TP/(TP+FN)
). el ). L 9 ™& J (TP) (FN) 90 %
N &p =F0=p (6) 36 4
I GDB7gDT )Z )<I )Z M ST
2. Absolute alue of the SVM decision value is calculated Benign False True Specificity =
for each x from the test set arid scalel to [0, 1]. Positive Negative | TN/(TN+FP)
. (FP) (TN) 88.3%
3. For each xfrom the test set, If (AW () < decision 7 53

value (%) then 3 J Sus- 22 Oz o,PH Twhichis

the same asormal SVM labelling otherwise * . J
*S)1l), M 9.T$ ) T

Accuracy = (TP +TN) /(TP + FN + TN + FP)
89%

We also compared the classification performance of the

proposed model witithat of the normaSVM, artificial
A clinical database of dermoscopic anthical view neural networkKNN, Transductive SVMand EM Figure2

lesion images were obtained from different sources but ma#iows the average classification error rate different
of the images came from Sydney Melanoma Diagnostidassifiers with respect to the change in the ratio of labeled
Centre, Royal Prince Alfred Hospital. A total o290 andunlabeled data samplesed for traininglt was observed
images (ZO benign and 20 melanoma) were included in that by increasing the number of labeled data in the training
experimental dat set. All the images were rescaled to aphase helps in reducing the classification error. This is in
resolution of 720x 472 with bit depth 24 and size aroungonsistent with a lot of finding in different other applications
526KB. The rescaling is done to make all the images of equé&here combinations of labeled and unlabeled dats @et

IV. EXPERIMENTAL RESULTS
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used[13, 20]. However, it can be seen that themprsed
learning model make the most efficient use of unlabeled da[Lt?
as compared to other methodBhe classification error
reduced to around 11 % when the learning model used 50%
of labeled an®0 % ofunlabeled data.

This paper proposes a novel learning modehfdomated

(8]

L4
40

35

[0

=

[10]

Classification Error %

=

(11]

I

10+100 | 20+100 | 30+100 | 40+100 | 50+100 | 60+100 | 70+100 | 80+ 100 | 90+ 100 | 100+ 100
W Pproposed Model | 30
LY 35 31 29 %65 252 24 4 218 20 19.7
KNN 40 39 7 368 352 313 28 282 265 63
BNN 28 262 243 2 212 21 09 21 208 205
BTSVM 5 25 u 2 13 0 185 7 165 16
EM 32 08 23 283 28 274 29 231 25 203
Labeled Data + Unlabeled Data

o

[12]
(13]

[14]

Figure 2. Comparativeerror Analysis of Classification Performance

[15]

V. CONCLUSION
[16]

diagnosis of skin cancer. It used deep beatiefiralnet and
self-advised SVM to train the system using a combination ¢£7]

labeled and unlabeled datansples.This is an important
application of deep neural processing for skin cancér

diagnosis even in the presence of limited labeled datalsets.
also deals with the problem of outliess misclassified data [1°]
that can be present in the labeled data eodsequently
mislead the classifier. There are several ways to extend this
research. The se#fdvised SVM can be improved to deall20]
with unlabeled data as well which can even reduce the
dependence of classification performance on the labelgd)

data.

The proposednodel is tested for skin lesion

classification but it can be applied on other applications &

well where limited amount of labeled data is available.
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Title: Neuromodulation for Seizure Control

Symposium Summary: Ranked as the 20™ leading cause of disability globally in 2010 and contributing to
8% of the 92 million disability-adjusted years (DALY) that are caused by neurological disorders and are
projected to increase by 12% in the year 2030 (according to WHO)), epilepsy continues to challenge both
the scientific and the patient community with its severe consequences on mental health, re-hospitalization
rates, and social engagement. About 2.8 million people have been diagnosed with epilepsy (1) and the cost
to the society is about $15.5B/year (2). Antiepileptic drugs (AED) help control seizure frequency in most
patients. Only a fraction of the intractable patients are candidates for surgical resection based on pre-
surgical functional assessment. Neuro-ablative surgery can treat epilepsies refractory to conventional
pharmacotherapy but for many patients electrical stimulation is the only alternative. The last few years has
seen significant improvements in the control of abnormal neural activity with electrical stimulation. Deep
Brain Stimulation has been highly effective at controlling motor disorders in patient with Parkinson’s dis-
ease. In the field of epilepsy, neuromodulation has been applied with some success. Several new methods
have now gone through Phase II clinical trials and new methods have under development. In this sympo-
sium we will review some of the basic mechanisms of the generation of seizures using computer simulation
and experimentation. We will also review the basic principles of neuromodulation and the mechanisms of
seizure control from in-vitro experiments to human clinical trials. The faculty includes a clinician, neuro-
scientist and biomedical engineer with significant experience in epilepsy.

Speakers:

Speaker #1: Fabrice Wendling, - Mechanisms of seizure generation

LTSI - UMR Inserm ~Head SESAME Team (Epileptogenic Systems: Signals and Models)
Université de Rennes 1, France

Speaker #2: Paul Boon- Seizure Suppression with high Frequency Stimulation

Professor and Chairman Department of Neurology —Division of Head, Neck and Nervous
System Director Institute for Neuroscience, Ghent University Hospital, Holland

Speaker #3 Dominique Durand- Mechanism of seizure control with low frequency
stimulation

Dept of Biomedical Engineering and Neurosciences, Case Western Reserve University, USA




Title:'Electrical and Optical Interfaces for Small Peripheral Nerves
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Nguyen, Thuy Anh Khoa (EPF Lausanne);
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Daigle, Sophie* (Institute of Biomedical Engineering, University of New Brunswick);
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Zhang, Yu-Fei (Shanghai Jiao Tong University);

Gao, Xiangyu (Shanghai Jiao Tong University);
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Zheng, Wei-Long (Shanghai Jiao Tong University);

Lu, Bao-Liang* (Shanghai Jiao Tong University)
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Gonzalez, Alejandro (LIRMM);

Fraisse, Philippe (University of Montpellier 2, France);

Hayashibe, Mitsuhiro* (INRIA)
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Reis, Joana (Life and Health Sciences Research Institute (ICVS));

Silva, Ana Maria (Life and Health Sciences Research Institute (ICVS));

Pereira, Mariana (Life and Health Sciences Research Institute (ICVS) / ICVS/3B's);

Dias, Nuno S.* (Life and Health Science Research Institute / ICVS/3B’s — PT Gove)
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M.P. Behbahani, Feryal (Imperial College London);

Taunton, Ruth (Imperial College London);

Thomik, Andreas A.C. (Imperial College London);

Faisal, A. Aldo* (Imperial College London)
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Zhuang, Siqi (Shanghai Jiao Tong University);

Chen, Yao™* (Shanghai Jiao Tong University)
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08:30-11:00
Frequency Domain Identification of Proprioceptive Evoked Potentials in Compliant
Kinematic Experiments

Akinin, Abraham™ (UCSD);,

Govil, Nikhil (Institute for Neural Computation, UCSD);

Poizner, Howard (UCSD);

Cauwenberghs, Gert (University of California San Diego)

08:30-11:00
Video Game Speech Rehabilitation for Velopharyngeal Dysfunction: Feasibility and
Pilot Testing

Cler, Meredith* (Boston University);

Voysey, Graham (Boston University);

Stepp, Cara (Boston University)

08:30-11:00
A Neuromuscular Electrical Stimulation Strategy based on Muscle Synergy for
Stroke Rehabilitation

Zhuang, Cheng (Shanghai Jiao Tong University);

Marquez Ruiz, Juan Carlos* (KTH Royal Institute of Technology);

Qu, Hongen (Shanghai Jiao Tong University);

He, Xin (Shanghai Jiao Tong University);

Lan, Ning (Shanghai Jiao Tong University)

08:30-11:00
Rate-Dependent Hysteresis in the EMG-Force Relationship: A New Discovery in
EMG-Force Relationship

Zhang, Dingguo™* (Shanghai Jiao Tong University);

Pan, Lizhi (Shanghai Jiao Tong University)

08:30-11:00
A Novel Extreme Learning Machine for Dimensionality Reduction on Finger
Movement Classification using Semg
* (University of Technology Sydney);
Al-Jumaily, Adel (University of Technology Sydney)

08:30-11:00

On the Control of a Muscular Force Model including Muscular Fatigue
Maillard, Aurore® (Université de Bourgogne, Le2l, Dijon);
Yochum, Maxime (Université de Bourgogne);
Bakir, Toufik (LE2I UMR CNRS 5158 Université de Bourgogne);
Binczak, Stéphane (Université de Bourgogne)

08:30-11:00
Computational Studies on Urinary Bladder Smooth Muscle: Modeling lon Channels
and Their Role in Generating Electrical Activity

Mahapatra, Chitaranjan* (Indian Institute of Technology Bombay);

Brain, Keith L. (Univ. of Birmingham);

Manchanda, Rohit (IIT Bombay)

08:30-11:00
Intuitive Motion Classification from EMG for the 3-D Arm Motions Coordinated by
Multiple DoFs

Zhang, Qin* (Huazhong Univ. of Science and Technology),

Xiong, Caihua (Huazhong Univ. of Science and Technology);

Zheng, Chengfei (Huazhong Univ. of Science and Technology)
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McManus, Lara* (University College Dublin);

Hu, Xiaogang (Rehabilitation Institute of Chicago);

Rymer, William Zev (Northwest. & Rehab Inst of Chicago);

Suresh, Nina (Rehabilitation Institute of Chicago);

Lowery, Madeleine (University College Dublin)
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Oliveira, Franassis Barbosa (University of Brasilia/ State University of Goias);

Fachin-Martins, Emerson* (Project-Team DEMAR, LIRMM-INRIA and University of Brasilia);

Couto-Paz, Clarissa Cardoso dos Santos (University of Brasilia);

Martins, Henrique Resende (Universidade Federal de Belo Horizonte);

Tierra-Criollo, Carlos Julio (Universidad Federal de Minas Gerais);

Azevedo-Coste, Christine (DEMAR INRIA/LIRMM)
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Plourde, Eric* (Univ. de Sherbrooke);

Rode, Thilo (Hérzentrum Hannover GmbH);

Lim, Hubert (Univ. of Minnesota)
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Clerico, Andrea* (INRS);

Gupta, Rishabh (INRS-EMT);

Falk, Tiago (Institut National de la Recherche Scientifique)

I"#$%&!%#1%' O*+/,I"
J"*$+"#$0%,K0*$0',)'4&.1$@',20+'8'0+'0#,5/<8/0'0#,-0"*D1$1,/0,;;F,="#",

Hsu, Sheng-Hsiou™* (University of California, San Diego);

Mullen, Tim (University of California, San Diego, Swartz Center for Computation a);

Jung, Tzyy-Ping (University of California San Diego);

Cauwenberghs, Gert (University of California San Diego)
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Kublanov, Vladimir* (Ural Federal University);

Borisov, Vasilii (Ural Federal University);

Dolganov, Anton (Ural Federal University)



12:45-15:15 FrCT3.5
Modulated High Frequency Oscillations Can Identify Regions of Interest in Human
iEEG using Hidden Markov Models

Guirgis, Mirna* (Univ. of Toronto);

Chinvarun, Yotin (Director of Comprehensive Epilepsy Program and Neurology Unit, P);

del Campo, Martin (Univ. Health Network);

Carlen, Peter L. (Univ. of Toronto);

Bardakjian, Berj Luther (Univ. of Toronto)

12:45-15:15 FrCT3.6
Online Learning of Neural Network Structure from Spike Trains

Hall, Eric* (Duke University);

Willett, Rebecca (University of Wisconsin — Madison)

12:45-15:15 FrCT3.7
Detection of High Frequency Oscillations in Epilepsy with K-Means Clustering Method

Liu, Su* (Univ. of Houston);

Ince, Nuri Firat (Univ. of Houston);

Sabanci, Akin (Istanbul Univ.);

Aydoseli, Aydin (Istanbul Univ.);

Aras, Yavuz (Istanbul Univ.);

Sencer, Altay (Istanbul Univ.);

Bebek, Nerses (Istanbul Univ.);

Sha, Zhiyi (Univ. of Minnesota, Department of Neurology);

Gurses, Candan (Istanbul Univ.)

12:45-15:15 FrCT3.8
Towards Sparse Coding of Natural Movements for Neuroprosthetics and Brain —
Machine Interfaces

Thomik, Andreas Alexander Christian (Imperial College London);

Fenske, Sonja (Imperial College, London);

Faisal, A. Aldo* (Imperial College London)

12:45-15:15 FrCT3.9
Computationally Efficient, Configurable, Causal, Real-Time Phase Detection Applied
to Local Field Potential Oscillations

Jackson, Jadin C.* (Medtronic, Inc.);

Corey, Robert (Medtronic, Inc.,);

Loxtercamp, Greg (Medtronic, Inc.,);

Stanslaski, Scott (Medtronic);

Orser, Heather (Medtronic, Inc.,);

Denison, Timothy (Medtronic)

12:45-15:15 FrCT3.10
Data-Efficient Hand Motor Imagery Decoding in EEG-BCI by using Morlet Wavelets
and Common Spatial Pattern Algorithms

Ferrante, Andrea (Imperial College London);

Gavriel, C. (Imperial College London);

Faisal, A. Aldo* (Imperial College London)



12:45-15:15
Relating Auditory Evoked Responses to the Laminar Phase Dynamics in Rats using
Mutual Information

Mortezapouraghdam, Zeinab (Saarland Univ.);

Haab, Lars (Saarland Univ. Hospital);

Schwerdtfeger, Karsten (Saarland Univ. Hospital);

Strauss, Daniel J.* (Saarland Univ., Medical Faculty)

12:45-15:15

Mulitchannel Real Time Spike Sorting for Decoding Ripple Sequences
Sethi, Ankit* (Rice University);
Kemere, Caleb (Rice University)

12:45-15:15
Recurrence Network Analysis of Wide Band Oscillations of Local Field Potentials
from the Primary Motor Cortex Reveals Rich Dynamics
Puthanmadam Subramaniyam, Narayan™ (Tampere University of Technology);
Hyttinen, Jari (Tampere University of Technology);
Takahashi, Kazutaka (University of Chicago);
Hatsopoulos, Nicholas (University of Chicago)

12:45-15:15
Behavior Discrimination using a Discrete Wavelet based Approach for Feature
Extraction on Local Field Potentials in the Cortex and Striatum

Belic, Jovana* (Royal Institute of Technology KTH);

Halje, Pér (Lund University);

Richter, Ulrike (Lund University);

Petersson, Per (Lund University, NRC);

Hellgren Kotaleski, Jeanette (Royal Institute of Technology KTH)

12:45-15:15
A Scalable High Performance Client/server Framework to Manage and Analyze High
Dimensional Datasets Recorded by 4096 CMOS-MEAs

Zordan, Stefano* (Univ. of Genoa);

Zanotto, Matteo (lIstituto Italiano di Tecnologia);

Nieus, Thierry (Istitituto Italiano Tecnologia);

Di Marco, Stefano (Istituto Italiano di Tecnologia);

Amin, Hayder (lIstituto Italiano di Tecnologia (IIT));

Maccione, Alessandro (Istituto Italiano di Tecnologia);

Berdondini, Luca (Istituto Italiano di Tecnologia)

12:45-15:15
Directional Brain Functional Interaction Analysis in Patients with Amyotrophic
Lateral Sclerosis
Shahriari, Yalda (Old Dominion Univ.);
Sellers, Eric (East Tennessee State Univ.);
McCane, Lynn (Wadsworth Center);
Vaughan, Theresa (Wadsworth Center, New York State Department of Health);
Krusienski, Dean* (Old Dominion Univ.)

12:45-15:15
Comparison between Adjar and Xdawn Algorithms to Estimate Eye-Fixation Related
Potentials Distorted by Overlapping

Kristensen, Emmanuelle* (Univ. of Grenoble, CNRS, Gipsa-lab);

Guerin-Dugue, A. (GIPSA-lab);

Rivet, Bertrand (Grenoble Univ.)
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