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Abstract
Support Vector Machines (SVM) is shown to be excellent 
generalization capabilities when compared with other classifiers 
on various applications. Despite of these generalizations 
ability they are not capable enough in providing explanation or 
comprehensibility over the obtained predictions. To alleviate 
this problem, methods for extracting rules from support vector 
machines are now a day evolving.  This paper reviews the methods 
that are available to extract rules from support vector machines 
with taxonomy. Further, this paper also discusses appropriate 
evaluation metrics for the assessment of SVM model performance 
and the rules extracted from it for the given dataset. Finally, this 
paper concludes with some future research directions.
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I. Introduction
In machine learning community now a day Support Vector 
Machines are quite popular due to their excellent generalization 
abilities in classification as well as regression problems. Their model 
performance is shown to be superior on several applications like 
finance [1] and medicine [2] when compared to other classification 
models. An SVM first maps the input data into a high-dimensional 
feature space and finds a separating hyper-plane that maximizes the 
margin between two classes in this space. Maximizing the margin 
is a Quadratic Programming (QP) problem and can be solved by 
solving its dual problem by introducing Lagrangian multipliers. 
Finally the width of the hyper-plane and support vectors which are 
the points at the separating hyper-plane are the final out comes of 
the SVM model. Support vector regression, another form of SVM 
[3] used to solve regression problem which reduces the distance 
from the data points to hyper-plane.
Though SVMs are good in generalization ability, they are 
not adequate enough in providing explanation as well as 
comprehensibility over the predictions obtained on a learned 
model. In order to solve these problems recently methods for 
extracting rules from support vector machines are germinating. 
The SVM rule extraction methods have drawn rules from the 
model rather than from the data set. Further, most of these rule 
extraction methods focused on deriving rules from support vectors 
which are one of the outputs of the SVM. 
The motivation behind support vector rule extraction methods is 
from the methods that derive rules from Artificial Neural Networks 
(ANN) [4]. For the domains like medical diagnosis, an explanation 
on the predictions made by the black box classification models 
like SVM, NN models is required for the easy understanding 
of the end users due to their domain expertness the technical 
expertness. Several rule extraction methods are developed to 
derived understandable rules from ANN [5- 6]. Similar approaches 
have been adopted in case of SVMs also. Though the area of 
deriving rules from SVMs is a narrow one, there are lot many 
new trends are evolving in SVM developments in terms of new 
kernels and objective functions.  Thus currently extracting rules 

from SVM is a hot topic of research.  In this work we posture the 
explanation of all SVM rule extraction methods is SVM, grouping 
and analysis of algorithms are done. 
This paper constitutes as follows:  section II, deals with the basic 
background introduction for Support Vector Machines (SVM) and 
Support Vector Regression (SVR). Next, section IV, follows with 
the summarization of methods and salient futures of individuals 
can be written. Few future research directions are suggested in 
section V.  Finally, the paper is concluded in section VI.

II. Background 
This section briefly discusses the background of the SVM and 
SVR methods that is required for the further understanding.

A. Support Vector Machines 
The Support Vector Machine (SVM) is a widely used classifier, 
based on learning theory. it constructs a hyper plane that can 
correctly classify the data points.

Fig. 1: Illustration of SVM Optimization of the Margin in the 
Feature Space

Support Vector Machines by Vapnik (1995) [7], generally exhibits 
good predictive performances due to their strong generalization 
capabilities and global optimization criterion. Given a training 
set of N data points  with d dimensional input data  ϵ  
Rd and corresponding binary class labels Yi  ϵ{+1,−1}, the SVM 
classifier describes an optimal hyper-plane in feature space that 
separates the two classes by the largest margin. The objective 
function for minimization is given as
min(w,b,ξi { 1/2||w||2 + C }   (1)                       

Subject to   (2)

Where, w is the normal to the hyper-plane, b is the intercept of hyper-
plane with origin, (xi) is the input vector, Yi is corresponding class 
label, ξ slack variable for handling misclassification inequalities 
and C is the penalty for the tolerance of misclassification cost, 
which act as a tuning parameter. Generally, equation.1 and 2 are 
solved by convex Quadratic Programming problem by formulating 
its dual cost function given as

    (3)

   (4)
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Here αi’s the Lagrange multipliers whose values are non-zeros for 
the training instances that are at margin. Those training instances 
are known as support vectors. In equation. 3 K (xi, yi),) is a positive 
definite kernel satisfying the Mercer theorem. Φ(xi) is the mapping 
of the input to feature space. After solving Quadratic Programming 
problem the normal of the hyper-plane can be represented as

    (5)
Here  is number of support vectors and the test instances are 
classified with

   (6)
Equations 5 and 6 show that support vectors play crucial role 
in defining SVM boundary. The StatQSVM algorithm relays 
on these support vectors that define the current boundary, for 
approaching the optimal boundary by querying informative 
instances probabilistically in every iteration.
Note that one does not have to calculate w nor φ(xi) in order to 
determine the decision surface. Thus, no explicit construction of 
the nonlinear mapping φ(x) is needed. Instead, the kernel function 
K will be used. For the kernel function K(‘,’), one typically has 
the following choices:

     (7)
    (8)

   (9)
    (10)

Where d, c, σ,K and θ are constants. Note that for the MLP kernel, 
the Mercer condition is not always satisfied.
B. Support vector regression
In SVR [7, 8], the goal is to find a function f(x) that has at most   
deviation from the actually obtained targets Yi for all the training 
data. Deviation larger than e is not accepted.
In the case of linear functions f taking the form

  (11)
One way to ensure minimum ε deviation is to minimize the 
norm

The problem can be written as a convex optimization problem:
Minimize  1/2||w||2

The assumption in (12) is that such a function f actually exists that 
approximates all pairs (xi yi)) with  precision. In the case where 
constraints are infeasible, slack variables ξi,ξi* were introduced. 
This case is called soft margin formulation [9] and is described 
by the following problem;

  (13)
The constant C > 0 determines the amount up to which deviations 
larger than  are tolerated. This is called ε -insensitive loss function  
ξ|ε and is described by

    (14)
Fig. 2, depicts this ε insensitive loss function graphically. Only 
the points inside the shaded region contribute to the prediction 
accuracy, whereas the points outside the shaded region contribute 
to the error, as the deviations are penalized in a linear fashion. It 
is observed that in most cases the optimization problem (13) can 

be solved more easily in its dual formulation. Hence, Lagrange 
multipliers are used to get the dual formulation as described in 
[10], which is as follows:

 (15)
Here, L is the Lagrangian and ηi,ηi*,αi, αi*, are Lagrange 
multipliers. Hence the dual variables in (15) have to satisfy 
positivity constraints

   (16)
According to the saddle point condition the partial derivatives of 
L with respect to the primal variables (w, b, ξi,ξi*)) have to vanish 
for optimality. Therefore, we get

    (17)

  (18)

    (19)

    (20)
Substituting (17)–(20) into (15) yields the dual optimization 
problem;

  (21)
 

 
Fig. 2: The Soft Margin Loss Setting for a Linear SVM

To make the SV algorithm nonlinear all training patterns  are 
mapped ɸ : X  F into some feature space F as described in [10-
11] and then using the standard SV regression a linear hyper-plane 
is constructed in the feature space. 
Using the trick of kernel functions [3] following QP problem is 
formulated.

(22)

The optimal solution obtained

Where, K(’,’) is a kernel function. Usually more than one kernel 
used in the literature to map the input space into feature space 
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[12]. The question is which kernel functions provide good 
generalization for a particular problem. One has to try more than 
one kernel function for a particular problem in order to resolve 
this issue. Because of the approximate mapping of input space to 
higher dimensional feature space using different kernel functions, 
support vectors extracted are different and the number of support 
vectors varies as well for each kernel.

III. Quality measures
This section describes the evaluation measures that are required 
to estimate the quality and comprehensibility of the rules derived 
from the SVM models.

A. Accuracy
Accuracy can be used to measure the correctness of the classification 
data they are classified correctly or not.

B. Fidelity
It describes the set of rules that are exhibits the same properties 
as ANN.

C. Comprehensibility
It can be obtained by adding the number of rules to number of 
antecedents per rule.

D. RMSE
It can be used to measure the accuracy of the rules that are obtained 
from test and validation datasets. 

IV. Methods for extracting rules from SVMs

A. Pedagogical Methods
The Pedagogical Methods consider SVM as a closed-box.  These 
methods relate the inputs and outputs by simply feeding the 
outputs of the SVM as input to the classifiers with the explanation 
facility.  Most frequently used classifiers with explanation facility 
are TREPAN [13], C4.5 [14] , CART [15]  and Ripper[16] for 
classification problems,  whereas CART, ANFIS and DENFIS 
are used for regression problems. Here the main focus is to 
these methods is to generate new artificial training sets from the 
predictions of the SVM model. 
Several studies were reported concern with the considering SVM 
as a closed-box. Barakat and Diederich [18], proposed Eclectic 
Rule Extraction methods where the support vectors and training 
set of the SVM model is modified according to the predictions. 
Thus new synthetic training sets are generated. These training 
sets are fed to C4.5 decision tree algorithm. Even their results 
are shown that the proposed rule extraction method has better 
generalization capability than the original SVM model.  Similar 
works are reported by [1,7,13,17], Torres and Rocco, Martens 
rather they have used TREPAN, RIPPER, CART, Fuzzy Rule 
Based classifier (FRBCS), Naïve Bayes Tree [1] for extracting 
rules from the predictions of SVM models.
Recently (Farquad et al) proposed a hybrid rule extraction method 
for extracting Explanative Rules from Support vector Regression 
(SVR) models. Their hybrid method includes SVR+CART, 
SVR+DENFIS, SVR+ANFIS. The obtained results on these 
hybrids shown that among the all methods, SVR+CART attained 
better RMSE value. The rules obtained by the SVR+CART are 
even small in number. The comparative studies  [7] regarding to 
pedagogical methods indicated that usage of TREPAN to relate the 
SVM outputs is prominent than other classifiers with explanation 

facility.
Though Pedagogical methods encompasses with high accuracy 
and fidelity as well as small number of rules, they are not classifiers 
specific.  These methods no means consider the rich mathematical 
structure of the SVM for rule computation.

B. Decompositional Rule Extraction Techniques
These methods extract meaningful rules by intertwining the 
inherent SVM structure and its hyper plane. These methods are 
of two types:  (1). Methods utilizing the SVs only (2). Methods 
utilizing SVM SVs and the separating hyper-plane. These methods 
are briefly discussed below:

1. Methods Utilizing the SVs Only
These methods utilize the SVM’s SVs for extracting meaningful 
rules.  There are some methods in this group that are similar 
Pedagogical Methods, rather considering SVM as closed-box 
these methods feds SV’s  to relate the SVM outputs with another 
classifier with explanation facility [1, 16, 18]. For each of the 
SVs, these methods replace the original class labels with the SVM 
predicted class.  Recently a decompositional rule extraction method 
is proposed by (Martens et al) [19] which artificially generate extra 
training examples closed to the current support vectors. These 
new samples are added to the relabelled training set to discover 
suitable discrimination rules from classifiers with explanation 
facility.  Usually extracted rules by these methods demonstrate a 
high degree of fidelity, accuracy and comprehensibility.
There are some other methods in this group which are directly 
extract rules from SVM SVs. A fuzzy rule extraction method 
(FREx) [20] is proposed by (Chaves et al.), initially this method 
projects each features into SV’s coordinate axis. Latter fuzzy sets 
using triangular membership function are assigned to each of 
the SVs and if- then rules are extracted from that SV. However, 
FREx method exhibits poor accuracy, comprehensibility and high 
fidelity. Further, this method only supports continuous attributes.  
Recently Barakat and Bradley [21] proposed a rule extraction 
method (SQRex-SVM) which directly extracts rules from a sub 
set of the SVs using modified sequential covering algorithm.  An 
initial set of rules formed in this algorithm based on an ordered 
search, as measured by interclass separation. Latter the rules 
are pruned based on user defined criteria, PN space [22] and its 
relationship with area under the receiver operating characteristic 
curve (AUC). Obtained rules performance is measured using 
accuracy, fidelity, comprehensibility, TP & FP rates and AUC. 
The authors depicted that the rules produced by SQRex-SVM 
exhibit good generalization performance, comprehensibility and 
high fidelity.
However, these groups of methods are prone to noise sensitive as 
they are modelling SVM SVs.

2. Methods Utilizing SVM SVs and the Separating Hyper-
Plane
The methods in this group utilize both SVs and separating hyper-
plane of the SVM model. A method by Nunez, Angulo, and Catata  
[23] describes a SVM + Prototype based rule extraction from SVM. 
This method utilizes k-means clustering algorithm to determine 
prototype vectors for each class. These prototypes together with 
SVs are used to define ellipsoids and hyper-rectangular regions 
in input space, which are intern maps to if-then rules. Zhang et 
al [24] proposed similar kind of method rather they have used 
support vector clustering algorithm to defines prototypes  Using 
nested generalized exemplar algorithm  small hyper-rectangular 
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regions are defined around the prototypes. These hyper-rectangles 
are incrementally grown until the stopping criterion is met.
There are some studies that are related to different SVM functions 
like linear and non-linear. A different study reported by (Fung et 
al.) [25] For rule extraction from linear SVMs, rather utilizing 
prototype methods, this method  solves  multiple constrained 
optimization problems to generate a set of non-overlapping rules.  
In order to find out the rules algorithm iterates over the training 
data in each half- space and each extracted rule defines a non-
empty hyper-cube and finally mapped to if-then rules. 
A new rule extraction algorithm (RulExtSVM) proposed by Fu, 
Ong, Keerthi, Hung, and Goh [25], which extracts if-then rules 
for rule extraction from non-linear SVMs, trained with a radial 
basis function (RBF) kernel.  RulExtSVM utilizes both the SVM 
decision boundary in addition to the SVs to extract explanative 
rules. RulExSVM works in three phases: (1). hyper-rectangles 
are defined by the intersections of the SVM boundary with the 
lines extended from each of the SVs, these rectangles are intern 
map to if-then rules, (2) obtained  hyper-rectangles are resized to 
exclude outliers from other classes and  (3). the redundant hyper- 
rectangles are prone to pruning. However, this method only limited 
to non-linear SVMs. A similar kind of method is devised by (Chen 
et al) [26] named Multiple Kernel SVM (MK-SVM).  MK-SVM 
constitute with feature selection (MKI), prediction modelling and 
rule extraction. A new single feature kernel (MKI) is proposed for 
feature selection and a new mixture coefficient is introduced in 
SVM quadratic programming formulation for prediction. 
The extracted rules from these group methods have good 
generalization capability.  However, the main limitations of these 
methods are the comprehensibility of the incurred rule set and 
scalability of the algorithms.

V. Future Research Directions
The potential new research directions under this problem are

To develop algorithms those are able to directly trade-off • 
performance and comprehensibility.
Rule extraction methods for semi-supervised learning• 
Rule extraction methods for incremental learning• 
Rule extraction in conjunction with feature selection.• 
To device new algorithms to extract rules from unbalanced • 
data.
To develop new methods for extracting rules from different • 
SVM formulations.

VI. Conclusion
This work reviews the state of art of the existing SVM rule extraction 
methods that are available in the literature with appropriate graphs, 
this paper also provide the reviewed evaluation measure for the 
assessment of quality of rules and model performance. Further 
few feature research directions are also mentioned.
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