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ABSTRACT

The use of different kernel functions in SVM (Suppdector machines) has been reported in the fitega
In this paper, the use of the g-Gaussian funct®keanel function in SVM is investigated and g-Gaais
function is explored. While the g-Gaussian kernélMsclassifiers being built, cross validation metlaate
used to select the non-extensive entropic irglennder varying feature sizes, the punishment paeme

and kernel width are set empirically, the emailssiication on two leading Chinese email corpuses,
TRECO06¢c and CCERT, are implemented with SVM clémsfemploying Gaussian kernel and g-Gaussian
kernel. Experiment results show that g-Gaussianeke8VMs can enhance the classification performance
effectively.
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1. INTRODUCTION technique in data mining and has been successfully
applied to many real-world applications due to
Email is an efficient, rapid and cheap mean a@xcellent generalization performance and a unique
communication in modern society. With thebility to handle extremely large feature spaces
popularization, low cost and fast delivery, therésuch as text). SVM performs classification by
have been a great amount of unsolicited bulk eméihding the optimal hyperplane that maximizes the
messages, referred to spam emails. Spam emailargin between the two classes. With nonlinearly
have been a severe problem on the Internsgparable data, SVM employs kernel trick to cope.
increasing in exponential speed all the time. Spahhe data points are mapped from input space to
could give rise to the consumption of computer arfligh dimensional feature space where linear
network resources, the cost of human time amfiscrimination is possible, the inner product in
attention in dismissing unwanted messages afehture space can be carried out with kernel foncti
information security, so they are frustrating anth input space. Kernel functions must satisfy darta
annoying. Combating spam is a difficult jobgcriteria known as Mercer conditions, and be
automatic e-mail filtering seems to be the moselected according to different applications. Many
effective method. Usually, spam filtering take theesearchers devote themselves to kernel
approaches of content analysis, which can lenstruction and application. There are many kernel
regarded as a special case of text categorizatifumctions available, including linear, polynomial,
with target values being spam and legitimat&aussian kernel and other kernel functions, among
(non-spam). which Gaussian kernel is more suitable [6] and

Statistical modeling is a more efficient andreasonable choice for SVM classification [7].

promising content-based spam filtering technology. In non-extensive statistical mechanics there exists
Generally, there are two different approaches tpGaussian function, which parameterizes standard
spam classification: generative models (for instgancGaussian function by replacing exponential
Naive Bayesian classifier [1]) and discriminativeexpression with g-exponential expression[8], while
models. Discriminative models includes Supporhaximizing Tsallis entropy [9] under certain
Vector Machines (SVM [2, 3]), and Logisticconstraints [10,11] . Moreover, the g-Gaussian
Regression (LR) [4]. SVM motivated by statistidunction can continuously and smoothly reproduce
learning theory[5], is a powerful classificationdifferent radial basis functions, like the Gaussian
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the Inverse Multiquadratic, and the Cauchgtructural risk minimization principle from
functions, by changing a real parameter . Tlstatistical learning theory. SVM can overcome the
g-Gaussian function has been introduced into RBfoblem of over fitting and local minimum and gain
neural networks as the radial basis function [B2, 1 better generalization capability. Kernel trick is
In this paper the g-Gaussian function is proposed ihcorporated into SVM, which doesn’t increase the
be incorporated into SVM as kernel functioncomputational complexity, furthermore overcomes
resulting in g-Gaussian kernel SVM, which ighe curse of dimensionality problem effectively eTh
employed for email classification on real emaihcorporation of positive definite kernel into SVM
datasets, the classification performance comparedn be interpreted as an embedding of the input
with SVM based on Gaussian kernel. The proajpace into a high dimensional feature space where
about availability of g-Gaussian function is alsthe classification is carried out without using
presented. explicitly this feature space. Hence, the problédm o

. . , . . choosing architecture for a neural network
This paper contains five sections. FoIIowm%

Section 1, the theory and technology about SVM arg_pllcatlon Is replaced by the problem of choosing

reviewed in Section 2. Section 3 explores t’,‘EL:tz;\ble kernel for a Support Vector Machine. la th

: 4 : -~ .1ollowing, the simple description about the theory

g-Gaussian function and discusses the availabili . : L
. : . d implementation of SVM classification
of g-Gaussian function as kernel function. Section lqori : .
. . P -algorithm is provided.

presents experiments on email classification wih
g-Gaussian kernel SVM, the results be comparedConsidering linear separable classification with a
and analyzed. Finally, the conclusion of this stigdy training set of N two-class data points

drawn in Section 5. D —{X y} N
2. SUPPORT VECTOR MACHINE (SVM) At the  input  vector
X, = ()g(l) X )g(”)) 000", and the target label

2.1 Support Vector Classification
In content-based email classification, emails ar, D{—1,+]} . SVM tries to find an optimal

represented with Vector Space Model (VSM),

which is widely used in text mining. An email,separating hyperplanéWDX)+b=O . Which

which generally containing the body, the subje@eparates all the training samples correctly ashmuc

and other header fields, can be processed possible. That means that the following conditio
represented as a high dimensional sparse vecighould be satisfied:

Each vector component value denotes the

contribution of the corresponding word (or term) Y, I:(WD(i ) +b] >1i=12;--N
from the bag-of-words with respect to the certain 1)
em.ail. With huge amount of email features, among Equation (1) comes down to the construction of
which ~many are irrelevant and redundanty parallel bounding hyperplanes at opposite sides

classification model should be trained with mor . :
! . o of th t h I = th
calculation complexity, and has poor generalization © separating hyperp an(i/va)+b 0w

ability. Hence high dimensional data should b&e margin width between two bounding
processed with some dimension reduction methods iz
including feature selection and feature extractioRyperplanes equals tol"l . The optimal

here Support Vector Machine is taken as thfe |argest, which can be found by solving the

classification algorithm. following constrained optimization problem:

SVM has been reported as a classification model
with remarkable performance on text categorizatonMin —=w'w s.t.y, [(WD(i ) +b] > 1[i
task [2, 3, 14], which has many special advantages""” 2 (2)
in solving finite data size; nonlinear and It is called the primal problem. To solve it
high-dimensional machine learning problems. With o ’ i '
high-dimensional feature spaces, most traditionftroduce lagrange multiplier; = 0, there exists a
techniques such as nearest-neighbors and neura§range equation:
network, fail due to the “curse of the N
dimensionality” because they are based on the L(W,b,a):inw—Zai (v, I:(WD(i)+b:|_1)
minimization of the empirical risk. Differently, 2 =
SVM operates on another induction principle, called

®3)
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With Wolfe theory the problem can be transformed It is known that kernel functions must satisfy
to its dual problem: certain criteria for preserving the convexity oéth
problem.

2.2Mercer Kernel

(4) Mercer Theorem tells, if the kerneK is a

This is a quadratic programming (QP) prob|en§ymmetri(_: positive_ _definite function, which satésfi
which can be solved with optimization methods. fhe following conditions:

0 found, W and b can be calculated with o
K(x.x)=> a@(x)q(x), a >0

maxW @)=} a, ‘%EN:”.”,MVI<X\ X)) st.a;z 0) ay = (

i,j=1

|
W:Zaiyixi' For the novel daf4, the class is

i 8

determined with: And

Y(x) =sgn(@wx )+b) o K9 dx>0
Training vectors that satisfy

Then the kernelK would represent an inner

. (X )+b|=1 , .
Y [(W ') ] (the corresponding Lagrangeproduct in feature spac& (X, , X) = @(X, ) 1g(X)
multipliers non-zero) are support vectors, which (10)
determine the optimal hyperplane. All other tragnin

examples are irrelevant for defining the binaryssla and is known as Mercer Kernel. Mercer condition
boundaries. needs to be satisfied for keeping the problem

) ~_convex and hence obtaining a unique solution. In
In the case of linearly non-separable trainingext section g-Gaussian function will be explored
data, slack variables are introduced, the primghqg can be used as kernel function in SVM.

problem is as following:
3. THE Q-GAUSSIAN FUNCTION
Min Sww+CYZ, sty [(wix)+b]2 ££ ¢ o0 o
wb 2 i The Gaussian distribution is ubiquitous in
(6) probability and statistics, serving as an attractor
jgdependent systems with finite variance. It
aximizes the Boltzmann-Gibbs entropy under
propriate constraints:

It's seen that SVM finds the best compromis
between the complexities of the model and learni
ability, implied by the above two items respectyel
With nonlinearly separable data, data are mapped P
form input space to feature space, where the SBG =—I_mln[p(x)]p(x)dx
maximal margin classifier can be built. Avoiding (11)
the map function¢ represented explicitly, the The g-Gaussian is not an alternative to the classic

K (x x.):<¢(x.) B(X. )> Gaussian function but a parametric generalizatfon o
kernel function vl PN ininput Gaussian function, because it reproduces Gaussian
space can replace the inner product in featureespaftinction whenq — 1 . As the probability

For the kernel function, the common choicegistribution function, the g-Gaussian function esis
’((Xi ,Xj) = XiTXj th naturally when the central limit theorem from sum

contain the linear kerne of random variables with global correlations is

K(Xi,Xj) = (XiTXj +1)d considered [15, 16]. It's closely related with the

gﬂﬁg:g#ﬁl kernel kgPr?el non-extensive q-statistics_ aqd the generaliz_ed
5 g-entropy. The qg-generalization of the classic

||xi —xj" entropy (equation 11) as the basis for generalizing

K(xi,x;) = expt 202 ) onn* the classic theory reaches its maximum at the
o ( , constant). gistributions usually referred to as g-Gaussiare Th

The resu!ting SVM classification model can b%-Gaussian distribution arises as an attractor of
written as: certain correlated systems, which maximizing the

N non-extensive entropy:
y(x) =sgn(_ a,y K & x; y+b)
= (7)
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1_J‘°° [p(x)]q dx g <1 and decays asymptotically as a power law
= = quU for1<q< 3. The second order moment is finite
qa-1 (12)

for q<%. For >3 the distribution cannot

under appropriate constraints,zfﬂp(x)]qu . be normalized. The g-Gaussian distribution reduces
K j[p(x)]qu to the usual Gaussian distribution

X = 44, )7 p(X)] 9 dx - bew?
g2 ) LPOOPA gng [POIck=1 , joao L ST en g1, The
IR NGY o
where £4,is the g-mean, defined analogously to th@-Gaussian distribution - equals to the Cauchy
: i jstribution -9 _ whenq=2.
usual mean, except wusing the so called p(x) =+ oD
The standard g-GaussiaZ [J N (0,1) has zero

mean and unit g-variance, its density is written as
With g-Gaussian function, g-deformed logarithm 1

and its inverse (g-exponential) should be known, . _ A { _9-1 2}

p(x0,1)=———| 1I-——X

i _1 v3-alL 3-a Figure 1

, X>0 presents some standard probability density

(13) functions, including Gaussian, Cauchy, and

g-Gaussian with other values of non-extensive

Its first derivation isd_|n (x) -1 Its seen that entropic inded
dx ¢ X9

g-expectation valuea'g is defined analogously to
the usual second order central moment.

1-q

In,(x) =

the deformed logarithm is always a strictly 045
increasing function because the derivative is 04
positive for any value ofd. The g-exponential is -
: . In (X _
the inverse function opq( ): 0:_2
/1/ 0.15

e (xX)=[1+1-q)x];*®
.0 =[1+ - Q)x]; ay o

Where[X], =max{0, X} , the g-exponential

functions are always positive whdr<q<3. Fig. 1. 9-Gaussian Probability Density Function

These functions reduce to the usual logarithm and (q =—0.5,0,0.5,1,1.5,)
exponential functions whegh — 1. The g-Gaussian
density is defined for-c0 < <3 as The g-Gaussian functions will be incorporated

into SVM, using for email classification in this
Y(t-a) - i i isfi
p(x;yq,aq):ﬁh\/gq[l— (1-q)B, (X~ 4, )2] paper. The g-Gaussian functions satisfies Mercer

* conditions, the g-Gaussian kernel function be
An/B&; By (X k) written as
2
. [ x|
A K%)= (- =——L5)
can be derived using density function

(3-0)a; (16)

normalization J- p(xX)dx =1[15]. The width of 4 EXPERIMENTSAND RESULT

the distribution is characterized by
B :[(3—q)g2]‘1 g0 (-,3). An interesting The Experiments are carried out with Chinese
q q ] ] . i o
email corpuses, and the SVM classifier be

property of t.he q-Gaussian funption iS. that it ¢ plemented based on LIBSVM library [20]. Email
reproduce difierent RBFs (Radial Basis Functio lassification performance with g-Gaussian kernel
for different values of the real parameter gq. The

g-Gaussian distribution has a compact form for
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SVM is evaluated, and compared with other kern€lhinese public forums. The information about the
functions. corpus is shown in Table 2.

4.1 Performance Metrics

In order to evaluate email classification
performance with g-Gaussian kernel SVM, some
metrics should be used. Usually the accuracy, Corpus languag¢ Spam Ham total
precision and recall rates are used. These measurdREC06C| Chinesq 42854 21766 64620
are calculated using confusion matrix given below:] CCERT | Chinese| 45396 18314 63710

Table2. Satistic Of The Experimental Corpus

Table 1. Confusion Matrix For Email Classification

With the two corpuses, the contents of email

Spam Legitimate subject and body (the two important constitutiohs o
_ Email email) are only extracted, the messages are
Classified as a b preprocessed with a Chinese term segmentation tool
Spam ICTCLAS [19] developed by Chinese Academy of
Classified as c d Sciences. Finally those emails are represented with
Legitimate the bag of word technique.
Assuming that there ardN emails to be 4.3 Results
tested, N =a+b+c+d Two experiments are performed on two public

corpuses TRECO6C and CDSCE respectively. SVM
lassifier is built incorporating Gaussian kernetla
Gaussian  kernel with  some values of

Accuracy (A) of email classification is
calculated by dividing the number of correctl)p
classified samples by the total number of teSk

_a+d non-extensive entropic inded. With two emalil
samples and is defined as: N , it represents eX2 o .
classification rate with all tested emails. corpus data, the! statistic (CHI) method is used

for feature selection to reduce data dimensions to
Precision d:') measures the system’s ability tgbtain varying dimension data. Two parameters in

present only relevant items while recaIIR() SVM with Gaussian kernel should be tuned,

measures system’s ability to present all relevainicluding punishment parametep and kernel
p=_2&_ parameter 5 = , » decided through trial and

items. a+b  the higher the precision rate, the i 20 . )

less the misclassification of legitimate email§TOr iN our experiments. It is found effective ttha

_a C s set 30, Jis set 0.01 with the two email data.
is. a+c, the higher the recall rate, the less thé g-Gaussian kernel SVM, the punishment
misclassification of spam is. With emailparameter has the same valu% (that is ) is
classification, the precision is more importantrtha %j

the recall rate, because a legitimate email shauldglso set 0.01. With respect to non-extensive eittrop
be discarded, otherwise the user may suffer froffidex selection, cross validation is employed to

loss. determine.

4.2 Data Sets

Two widely used Chinese email corpuses,
TRECO06¢ [17] and CDSCE (CCERT Data Sets of
Chinese Emails) [18] are used in our experiments.
TRECO06¢c corpus is a public Chinese email corpus
coming from the Text Retrieval Conference
(TREC), it consists of 64620 messages, 21766 of
which are marked as spam and 42854 are tagged as
ham. CCERT Data Sets are made up of 63710
emails, including 18314 legitimate emails and
45396 spam messages. The spam messages were
collected via using honey pot technique
(SPAMPOT) and the ham email are from the

e
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Result of the trecO6c corpus

precision, recall and F1 on the trecO6c¢c corpus are
shown in Figure 2.

Table 3 presents Gaussian kernel SVM email
classification performance metrics including
accuracy means, three standard deviations about
accuracy, precision and recall rate, from 10-fold
cross validation tests with varying feature sides.
the same way, Table 4 provides g-Gaussian kernel
SVM email classification performance metrics
including accuracy means, three standard deviations
about accuracy, precision and recall rate, from
10-fold cross validation tests with varying feature
sizes and the corresponding best q values. It's see
that he two models both have improvements on
precision with the feature size increasing. The
g-Gaussian SVM reaches its best precision 98.56%

In experiments with TREC06C, 6000 emails arghen the feature size is 1400, and for Gaussian
randomly selected for the dataset, which havernel achieves its highest precision 94.68% if the
spam-to-ham ratio of 2:1, the same ratio as originfeature size is 1800 (As illustrated in Fig. 2).
dataset. The feature sizes are set from 600 to 2QQ@thermore, the g-Gaussian kernel SVM models
with a step of 200. For each dimension, the 5-folsbviously achieve better performance than the RBF
cross validation is implemented to select thgernel SVM models. Generally, the two models
parameter g with the best performance. Based pave some rise in recall and F1 metrics with the
the previous process, the ten-fold cross validatiggature size increasing. In F1 metric, the g-Gaussi
(10-CV) tests are used in all the data for eagrnel models have distinguished improvements
dimension. With the best g values available in eaglver the RBF kernel model, thought they fail to
dimension data, the average classification resilts defeat the RBF kernel model in recall rate.

1000 1200 1400 1600 1800 2000

800

Fig2. Average Metric Values On TRECO6¢ Corpus
With 10-Fold Cross Validation

Table3. Results On TRECO06C (10-Ford Validation, Gaussian Kernel, Varying Feature Sizes)

600 800 1000, 1200 140Pp 1600 18P0 2Q00
ACC 82.78| 85.30 87.58 88.58 90.58 92/04 93.38 94.20
std_ACC 7.14) 575 | 484 | 399 | 240 | 166 | 1.81 | 1.54
std P 12.64 11.05| 9.14 | 890 | 7.02 | 565 | 454 | 4.13
std R 495 435 | 461 | 387 | 3.96 | 3.46 | 258 | 2.56
Table4. Results On TRECO6C (10-Ford Validation, Q-Gaussian
Kernel, Varying Feature Szes And The Best Q Values)
600 800 1000, 1200 140p 1600 18P0 2Q00
q 15 15 15 15 1.6 1.6 1.5 2.9
ACC 91.26| 92.18 93.26 93.98 94.44 95/]18 95.74 96.62
std ACC 0.87 0.81] 0.664 0.756 051 0.47 0.J1 o{77
std P 1.01 0.93 0.8( 0.60L 0.83 1.06 136 1105
std R 1.79 1.58| 0.9¢ 1.06 1.04 074 0.4 1/08

ACC is accuracy mean in the ten-ford validatiohave steady and superior performance compared
experiment, std_ACC is accuracy standandith the Gaussian kernel SVMs.
deviation. std_P and std_R are Precision and Recal

standard deviations | n experiment with CDSCE corpus, 4000 emails

are chosen at random with spam to legitimate ratio

From Table 3 and 4, it is know that theof 1:1. Here the processed data have different
g-Gaussian models have better ACC with eactimensions (they are 800, 1200, 1600, 2000, 2200,

feature size than the Gaussian kernel model. Wha?400, 2600 and 2800), the experimental processes
more, the former one also have a lower standaade similar to above mentioned. The results are
deviation on the accuracy, precision and recadliven in Figure 3, Table 5 and 6. As shown in the
which indicates that the g-Gaussian kernel SVMgure and table, the two classification models all
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have high precision rates over 96%, the top averageAccording to the two above tables, the
precision with g-Gaussian classifier is 99.70% whilg-Gaussian kernel classifiers have a little
the counterpart metric is 98.69% with the Gaussiamprovement over Gaussian kernel classifier except
kernel classifier. It's the same that the Q-Gaussiavith the feature size of 2000. The g-Gaussian Kerne
kernel models are also superior to the RBF kernehssifiers have a low std_ACC and std_R when the
models. Further more, the Q-Gaussian kernfdature size is less than 2000, but the two metrics
models also shows outstanding performance on timerease a little. In std_P, the g-Gaussian moaiels
F1, and for the recall rates, the two models areemdetter than the Gaussian models.

or less the same.

Result of the ccert corpus

1000 1500 2000 2500

Fig3. Average Metric Values On CCERT Wth 10-Fold Cross Validation

Table5. Results On CDSEC (10-Ford Validation, Gaussian Kernel, Varying Feature Sizes)

800 1200| 1600 2000 2200 2400 2600 2800

ACC 96.65| 97.65 98.1 98.5 9845 98.45 9845 989
std_ACC 206 134| 102| 0.77] 0.65| 0.65| 0.57| 0.62
std_P 197, 128| 101| 093] 1.03| 1.03| 0.97| 0.81
std_R 3.04 185| 161 1.12| 1.08| 1.08| 0.91] 0.80

Table 6. Results On CDSEC (10-Ford Validation, Q-Gaussian Kernel, Varying Feature Szes

And The Best Q Values)
800 | 1200| 1600 2000 2200 2400 2600 2800
q 2.8 2.8 2.2 1.8

ACC 98.1 | 98.45| 98.25| 98.15| 98.5 | 98.7| 98.7| 98.95

std_ACC 0.89] 0.76 | 0.63 | 0.39 | 0.67 | 0.71 | 0.64 | 0.65

std_P 1.21) 046 | 049 | 049 | 0.67 | 0.67 | 0.89 | 0.78

std R 0. 1.6 1.2 1.0 1. 1. 1. 1.1
- 94 2 9 1 47 45 12 9

5. CONCLUSIONS two leading Chinese corpuses, TRECO06c¢ and
CCERT are taken with g-Gaussian kernel SVMs

In this paper, a new spam filtering approach &nd Gaussian kernel SVMs. The results demonstrate
presented, using Support Vector Machine witthat the new model outperforms the SVM with
g-Gaussian function as kernel function. OriginatinGaussian kernel in precision, recall and accuracy
in non-extensive statistical mechanics, g-Gaussiaate. The conclusion can be drawn that SVM with
function has better flexibility, being used in many-Gaussian kernel might be a useful filtering
research fields. Email classification experimemis algorithm that can separate spam from legitimate
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email efficiently, and can be introduced to solvfl1]R. Di'az,

other machine learning problems.
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