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Abstract: We present an alternative way of interpreting and modifying the 
outputs of the Support Vector Machine (SVM) classifiers – method MSVMO 
(Modified SVM Outputs). Stemming from the geometrical interpretation of 
the SVM outputs as a distance of individual patterns from the hyperplane, al-
lows us to calculate its posterior probability i.e. to construct a probability-
based measure of belonging to one of the classes, depending on the vector’s 
relative distance from the hyperplane. 

We illustrate the results by providing suitable analysis of three classification 
problems and comparing them with an already published method for modify-
ing SVM outputs. 

Keywords: Support Vector Machines; pattern classification; modified outputs; 
post-processing; posterior probability 

1. Introduction 

The idea behind the SVM method is rather simple: the N–dimensional vector x 
of the input problem space X is mapped with an appropriate kernel function to 
higher-dimensional vector of the feature space where the pattern discrimina-
tion is simpler, i.e. where there exits a linear separating hyperplane. 
Let xi, i=1,..,N be a set of data points and oi, i=1,.., N values indicating the cor-
responding classes. The goal of the support vector learning is to obtain a clas-
sifier of the form 
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to determine the class of the unseen vector x.  
Nsv is a number of Support Vectors (SV) and k(xi,xj) is a kernel function, in 
different forms: 

• linear SVM: j
T
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• polynomial SVM: d
j
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• Gaussian radial basis function SVM: k(xi,xj) = exp(-g || xi-xj ||2); 
or other functions that satisfy the Mercer’s condition (Vapnik, 1995). 
As classifiers, SVM works in two phases: 
phase 1: training – building a model; 
phase 2: classification. 

 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: Schematic representation of a SVM classifier 

2. The MSVMO method 
The following form is the MSVMO posterior probability (Madevska, 2000):  
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where f(x) is the SVM output for the input vector x, and  
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is the distance of the input vector x from the estimated decision hyperplane 
with the corresponding norm w . 

The corresponding probability for the second class is simply given by  
P(C2 \ x) =1–P(C1 \ x).  (4) 
The monotonicity of (2) is assured for k < 0.  
One can notice that the sign of the SVM output f(x) is integrated in the calcu-
lation of the probability P(C \ x). The negative sign indicates that the test vec-
tor x belongs in the class labeled with ‘-1’ and the appropriate posterior is 1-
P(C \ x).  
The results we have obtained using the MSVMO model will never be worse 
than the results from the hard SVM classification.  

3. Discussion 

The output of the SVM algorithm produces a hyperplane, essentially a linear 
discriminant of the form  
f(x)=wTx+b. (5) 
In order to ensure that the logistic sigmoid function used over this linear dis-
criminant provides a posterior probability, we have to consider the form of the 
discriminant itself.  
This form of linear discriminant is appropriate to use provided the two-class 
classification problem has input vectors whose class-conditional densities are 
given by any exponential family of distributions with tied scale parameters 
(such as Gaussian, binomial, Bernoulli, Poisson). Following the Bayes theo-
rem, the posterior probability of membership of class C1 is therefore given by 
(Bishop, 1995): 
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where g(a) is the logistic sigmoid function given by: 
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and  
ba T += xw , (8) 
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which is the same expression as (5). 
We can assume that the class-conditional densities are expressed by  
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The form (9) represents the exponential family of distributions. The parame-
ters φandΘ1  control the form of the distribution. Applying Bayes theorem, 
the posterior probability for class C1 we obtain the expressions (7) and (8), 
where the appropriate values for w  and b are given by: 
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4. Simulation results 
We have used linear kernels as well as Gaussian and polynomial kernels. In 
the linear kernel case, the presumption for existence of the exponential class-
conditional density of the data in the feature space is satisfied and the use of 
our logistic model for obtaining the posterior probability is hence justified. 
If the learning process does not converge when linear kernels are used, we can 
always use non-linear ones. The use of a sigmoidal non-linearity does not re-
quire that the underlying distributions should be from the exponential family. 
Indeed, logistic regression has been widely used with great success by statisti-
cians for many decades for a wide variety of applications.  
The results we have obtained using linear kernels, are comparable to the ones 
using non-linear kernels and in some cases, they are even better (concerning 
the SVM classificator results.)  
For illustration purpose of the method, we present the simulation results on a 
toy and two real problems in the molecular biology domain. We are comparing 
the results from a ‘hard’ classification – the outputs from the SVM classifier 
(1) and Platt’s modified outputs (Platt, 1999) with the results from our modi-
fied outputs – MSVMO (2). The main difference in the last two approaches is 
that the Platt’s modification considers the vector’s SVM output, whereas the 
MSVMO treats its relative distance from the hyperplane. 
First, we consider the linear case, i.e. when the data are linearly separable. 
There are two classes, represented with circles-class ‘1’ and crosses-class ‘–1’ 
. As shown, the SVM algorithm correctly chooses the closest points to the sep-
arating hyperplane as its Support Vectors (the shapes in bold). The results are 
similar for all three cases: 

• SVM outputs: the signs are correct, no misclassification; 
• Platt’s outputs: correctly classified by calculating the probability; 
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• MSVMO: the calculated probabilities of the outputs, indicates that all 
vectors are ‘on the safe distance’ from the separating hyperplane. 
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Figure 2: Linearly separable classification problem 

4.1  Regulatory sequences in Arabidopsis Thaliana 
Arabidopsis Thaliana has shortest genome among plants. Its regulatory se-
quences (genetics switches) are short (5 – 10 base pairs). Each gene has a spe-
cific pattern of regulatory sequences. They are placed 40 – 1000 base pairs up-
stream of a gene. 
The trainings set are specifized for 1 specific element, G-box, fitting the con-
sensus in the middle of the 50 base pairs-long sequence. 
test set: 44 positive (sequences containing G-box); 4732 negative  
Table 1 shows the results from the experiment. The percentages of correctly 
recognized vectors are given for positive and negative data separately. 

4.2  Automatic classification of mitochondrial sequences 
The part of the problem of protein subcellular localization is the automatic 
classification of mitochondrial sequences. The dataset is consisted only with 
human mitochondrial genes. The coding is done over the nucleotides from the 
maturated DNA. 
test set: 233 positive,126 negative 
Table 2 shows the results from the experiment with mitochondrial sequences. 
The percentages of correctly recognized elements are given for positive and 
negative data separately.  
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kernel data SVM Platt’s modified out-
puts 

MSVMO (k=-4.84) 

 
linear 

pos 66% 77% 66% 

neg 99% 98% 99% 
 

GRBF 
C=500 

G = 0.005 

data SVM Platt’s modified out-
puts 

MSVMO (k=-47.58) 

pos 64% 77% 64% 

neg 99% 98% 99% 

Table 1: Results from Arabidopsis Thaliana regulatory sequences 

kernel data SVM Platt’s modified out-
puts 

MSVMO (k=-3.42) 

 
linear 

pos 71.3% 71.2% 71.3% 

neg 54.8% 54.8% 54.8% 
 total 65.5% 65% 65.5% 
 

GRBF 
C = 500 

g= 0.0005 

Data SVM Platt’s modified out-
puts 

MSVMO(k=-123.5) 

pos 73% 59.65% 73% 

neg 60% 65.1% 60% 
 total 68% 61% 68% 

Table 2: Percentage of correctly recognized mitochondrial sequences  

5. Conclusion 

We have presented an alternative way of modifying the outputs of the SVM 
classifiers so that a probability interpretation could easily be achieved. It is 
very important to assign a suitable ‘measure of belonging' to a vector of a giv-
en class, which later can allow post-processing of the data set. The analytical 
geometry interpretation has been used as a valuable tool to link the results to 
the posterior probability. The outputs of the MSVMO method provide differ-
ent possibility for post-processing SVM outputs. Future work will concentrate 
on the explanation of noticed independence of the posterior probability values 
regardless of the SVM classification model and differences in the results when 
diverse kernel functions are used. 
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