
24

Estimating the Optimal Dosage of Sodium Valproate in 
Idiopathic Generalized Epilepsy with Adaptive Neuro-Fuzzy 
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Introduction: Epilepsy is a clinical syndrome in which seizures have a tendency 
to recur. Sodium valproate is the most effective drug in the treatment of all 
types of generalized seizures. Finding the optimal dosage (the lowest effective 
dose) of sodium valproate is a real challenge to all neurologists. In this study, 
a new approach based on Adaptive Neuro-Fuzzy Inference System (ANFIS) 
was presented for estimating the optimal dosage of sodium valproate in IGE 
(Idiopathic Generalized Epilepsy) patients. 

Methods: 40 patients with Idiopathic Generalized Epilepsy, who were referred to 
the neurology department of Mashhad University of Medical Sciences between 
the years 2006-2011, were included in this study. The function Adaptive Neuro-
Fuzzy Inference System (ANFIS) constructs a Fuzzy Inference System (FIS) 
whose membership function parameters are tuned (adjusted) using either a back-
propagation algorithm alone, or in combination with the least squares type of 
method (hybrid algorithm). In this study, we used hybrid method for adjusting 
the parameters.

Methods: The R-square of the proposed system was %598 and the Pearson 
correlation coefficient was significant (P <0.05) and equal to 0.77, but theT-test 
was not significant (P >0.05). Although the accuracy of the model was not high, it 
wasgood enough to be applied for treating the IGE patients with sodium valproate. 

Discussion: This paper presented a new application of ANFIS for estimating the 
optimal dosage of sodium valproate in IGE patients. Fuzzy set theory plays an 
important role in dealing with uncertainty when making decisions in medical 
applications. Collectively, it seems that ANFIS has a high capacity to be applied 
in medical sciences, especially neurology.
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                 1. Introduction

linicians treating individuals with chronic 
disorders- e.g. epilepsy, mental illness or 
HIV infection- often prescribe a series of 
treatments in order to maximize favor-

able outcome for the patients. This generally requires 
modifying the duration, dose or type of treatment over 
time. Due to the heterogeneity in response to treatments 
and the potential of relapse and side effects, selecting 
the best sequence of treatment for an individual pres-
ents significant challenges(Guez et al., 2008). Clini-
cians often rely on their clinical judgment and instinct 
rather than formulation of concepts related to epilepsy 
using mathematical terminology. Epilepsy is a clinical 
syndrome in which seizures have a tendency to recur. 
The traditional approach of a clinician to a patient with 
epilepsy is first to classify the epilepsy and then to for-
mulate a treatment plan (Milton, 2010). An idiopathic 
syndrome can be conceptualized as a disease of its own 
kind, a sui generis condition. It follows that an idiopath-
ic epilepsy syndrome:

• Consists only of recurrent epileptic seizures. 

• Is not associated with structural brain lesions on MRI 
or abnormal neurological symptoms and/or signs in-
terracially and implies normal neuropsychological 
status (Delgado-escueta et al., 1999).

Roughly speaking,Idiopathic Generalized Epilepsy 
(IGE) constitutes one-third of all epilepsies in the world. 
Sodium valproate is the most effective drug in the treat-
ment of all types of generalized seizure with 75 percent 
of patients becoming seizure-free on mono-therapy (Vil-
larreal et al., 1978; Davis et al., 1994). The aim of Anti-
epileptic Drugs (AED) is to control seizure as quickly as 
possible with no or minimal side effect and no negative 
impact on the quality of life (Schmidt, 2009). Finding 
the optimal dosage (the lowest effective dose) of sodi-
um valproate is a real challenge to all neurologists. The 
optimal dosage of any AED extremely depends on the 
severity of epilepsy (which is assessed by the frequency 
of seizure during the duration of epilepsy prior to onset 
of therapeutic intervention) (Collaborative Group for 
the Study of Epilepsy, 1992). Other factors related to 
the optimal dosage are the age of onset and the type of 
epilepsy. AEDs are taken periodically in fixed doses, ti-
trated to reach a steady state concentration in the body. 
The type and the dosage of AEDs are chosen in order to 
reduce the frequency of seizures with the least possible-
side effects. The evidence from both experimental and 
clinical studies suggests that AEDs may lose their effi-

C
cacy during long-term use in a minority of patients (Po-
cock, 2006). Because of their greater predictive power 
than signal analysis techniques,Artificial Neural Net-
works (ANNs) have been used as computational tools 
for pattern classification including diagnosis of diseases 
(Baxt, 1990; Guler&Ubeyli, 2003; Ubeyli&Guler, 
2003). Fuzzy set theory plays an important role in deal-
ing with uncertainty when making decisions in medi-
cal applications. Therefore, fuzzy sets have attracted a 
growing attention and interest in modern information 
technology, production technique, decision making, 
pattern recognition, diagnostics, data analysis andetc. 
(Dubois &Prade, 1998; Kuncheva et al., 1999; Nauck& 
Kruse, 1999). Neuro-fuzzy systems are fuzzy systems, 
which use ANN theory in order to determine their prop-
erties (fuzzy sets and fuzzy rules) by processing data 
samples. Neuro-fuzzy systems harness the power of the 
two paradigms: fuzzy logic and ANNs by utilizing the 
mathematical properties of ANNs in tuning rule-based 
fuzzy systems that approximate the way human process 
information. A specific approach in neuro-fuzzy devel-
opment is the Adaptive Neuro-Fuzzy Inference System 
(ANFIS), which has shown significant results in mod-
eling nonlinear functions. In ANFIS, the membership 
function parameters are extracted from a data set that 
describes the system behavior. The ANFIS learns fea-
tures in the data set and adjusts the system parameters 
according to a given error criterion (Jang, 1993). Suc-
cessful implementation of ANFIS in biomedical engi-
neering have been reported for classification (Usher 
et al., 1999; Belal et al., 2002; Guler & Ubeyli, 2004; 
Ubeyli & Guler, 2005 a,b), data analysis (Virant  & 
Klun, 1999) and prediction (Kakar et al., 2005; Shah-
bazikhah et al., 2011; Kenar Koohi et al., 2011). In this 
study,based on ANFIS, a new approach was presented 
for estimating the optimal dosage of sodium valproate 
in IGE patients. The proposed technique involves train-
ing the ANFIS to estimate the optimal dosage of sodium 
valproate in IGE patients when the age of onset and the 
frequency of seizures during the epilepsy, prior to the 
onset of therapeutic intervention, are used as inputs. The 
ANFIS estimators were trained with the back-propaga-
tion gradient descent method in combination with the 
least squares method (hybrid algorithm). 

2. Methods

2.1. Data

40 patients with Idiopathic Generalized Epilepsy ac-
cording to the International League against Epilepsy 
(ILAE, 1981), who were referred to the neurology de-
partment of Mashhad University of Medical Sciences 
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between the years 2006-2011, were included in this 
study. The epilepsy diagnosis was based on medical 
history, clinical findings, electrophysiological reports, 
radiological and biochemical analysis. The recruited 
patients had tonic colonic seizures, controlled time less 
than 5 years and regular use of sodium valproate. In this 
study we also considered distribution of age at onset of 
seizures, severity of epilepsy (which is assessed by the 
frequency of seizures during epilepsy prior to the onset 

of therapeutic intervention and the optimal dosage of 
the drug for each patient which was determined by an 
expert neurologist who followed up the patients until 
they became seizure free for at least one and a half year. 
The description of attributes is shown in Table 1. The 
age of onset changes between 10-31 and the frequency 
of seizures during epilepsy prior to the onset of thera-
peutic intervention changes between 0-6. Seventy per-
cent of patients were female and others were male.

Table 1. Description of attributes.

Attribute  
Number Attribute Description Minimum

 Value
Maximum 

Value
Mean
 Value

Standard 
Deviation

1 Age of onset 10 31 16.975 4.323386

2
Frequency of seizure before 

therapeutic intervention 
(per a month)

0 6 2.25 1.103607

2.2. Adaptive Neuro-Fuzzy Inference System

The basic idea behind these neuro-adaptive learning 
techniques is very simple. These techniques provide 
a method for the fuzzy modeling procedure to learn 
information about a data set, in order to compute the 
membership function parameters that best allow the as-
sociated fuzzy inference system to track the given input/
output data. This learning method works in a manner 
similar to that of neural networks. The Fuzzy Logic 
Toolbox function that accomplishes this membership 
function parameter adjustment is called ANFIS. Neuro-
fuzzy computing enables one to build more intelligent 
decision-making systems (Aruna et al., 2003). Figure 1 
shows the outline function of a neuro-fuzzy system.

 The acronym ANFIS derives its name from Adaptive 
Neuro-Fuzzy Inference System. Using a given input/
output data set, the function ANFIS constructs a fuzzy 
inference system (FIS) whose membership function pa-
rameters are tuned (adjusted) using either a back-propa-
gation algorithm alone, or in combination with the least 
squares method (hybrid algorithm). This allows our 
fuzzy systems to learn from the data they are model-
ing. A network-type structure similar to that of a neural 
network,which maps inputs through input membership 
functions and associated parameters and then through 
output membership functions and associated param-
eters to outputs, can be used to interpret the input/output 
map. The parameters associated with the membership 
functions will change through the learning process. The 
computation of these parameters (or their adjustment) is 
facilitated by a gradient vector, which provides a mea-
sure of how well the fuzzy inference system is model-
ing the input/output data for a given set of parameters. 
Once the gradient vector is obtained, any of the several 
optimization routines could be applied in order to ad-
just the parameters so as to reduce some error measure 
(usually defined by the sum of the squared difference 
between actual and desired outputs). ANFIS uses either 
back-propagation or a combination of the least squares 
estimation and back-propagation for membership func-
tion parameter estimation. 

 Figure 1. Outline function of a neuro-fuzzy system.
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Some of the neuro-fuzzy systems that have been de-
signed and have been used in various fields are GARIC, 
ALCON, ANFIS, NEFCON, NEFCLASS, NEFPROX, 
FUN, SONFIN, FINEST, etc. Generally, because of 
optimum in calculation and unity in output space, the 
Sugeno method is used by adaptive systems for making 
fuzzy models. These adaptive techniques can be used 
for customizing the membership functions. In this situa-
tion, fuzzy system can model the data better. In figure 2 
ANFIS’s model is shown (Ubeyli, 2008).

Layer 1: Every node i in this layer is a square node 
with a node function.

 (1)  

Where x is the input to node i, A_i is the linguistic 
label (small, large, etc.) associated with this node func-
tion, μ_(B_i ) (y)and μ_(A_i ) (x)are fuzzy membership 
functions andi=1,2. Usually we choose μ_(A_i ) (x) to 
be bell-shaped with maximum equal to 1 and a mini-
mum equal to 0, such as:

(2)

Where a i ,b i and c_iare the parameter set. Parameters 
in this layer are referred to as premise parameters. 

Layer 2: The nodes in this layer are fixed and are la-
beled M, to indicate that they play the role of a simple 
multiplier. The outputs of these nodes are given by:

(3)

where i=1,2. They are called firing strengths of the 
rules. 

Layer 3: Every node in this layer is a circle node that 
is labeled N. The ith node calculates the ratio of the 
ith rule’s firing strength to the sum of all rules’ firing 
strengths:

(4)

For convenience, outputs of this layer will be called 
normalized firing strengths.

Layer 4: In this layer, the nodes are adaptive nodes. 
The output of each node in this layer is simply the 
product of the normalized firing strength and a first 
order polynomial (for a first order Sugeno model). 
Two fuzzy if-then rules based on a first order Sugeno 
model are considered:  

Rule 1: If (x is A1) and (y is B1 ) then (f1= p1 x+q1 y + r 1)

Rule 2: If (x is A2) and (y is B2 ) then (f2= p2 x+q2 y + r2)

Then, the outputs of this layer are given by:

(5)

where i=1,2. Parameters in this layer will be referred 
to as consequent parameters.

Layer 5: The single node in this layer is circle node la-
beled ∑ that computes the overall output as the sum-
mation of all incoming signals, i.e.

   (6)

Figure 2. ANFIS architecture.
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It can be observed that there are two adaptive layers 
in this ANFIS architecture, namely the first layer and 
the fourth layer. In the first layer, there are three modifi-
able parameters {a_i,b_i,c_i}, which are related to the 
input membership functions. These parameters are the 
so-called premise parameters. In the fourth layer, there 
are also three modifiable parameters {p_i,q_i,r_i}, per-
taining to the first order polynomial. These parameters 
are so-called consequent parameters.

2.3 Design Description

In this research, MATLAB software with an ANFIS 
box was used for creating an ANFIS. Choosing train-
ing data and testing them in different classifications and 
situations was performed to get the least number of mis-
takes on average. In fact, training data models that target 
the system and test the data use the extension ability of 
the fuzzy inference system. Every data collection that is 

loaded in the graphic connector ANFIS should be like 
a matrix such that inputs are as organized in it as vec-
tors, except the last column. Outputs are put in the last 
column in this vector.

In the second stage, a primary FIS should be designed 
and calculated. The number and the kind of input/ out-
put membership functions are chosen. In the FIS shown 
in Figure 3, there are 2 inputs and 1 output. Five disig-
moid membership functions were chosen for each input 
which were defined by the difference between two of 
these sigmoid functions:

(7)

Figure 3. Primary structure of FIS.
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The output is also linear. The two methods that can 
be used for optimizing ANFIS parameters for learning 
FIS are back-propagation and hybrid. Hybrid method-
was used for system training. Eighty percent of data was 
used for training ANFIS and the other twenty percent 
for testing ANFIS.

In order to evaluate the accuracy of ANFIS we applied 
statistical criteria such as R-square, Pearson correlation 
coefficient and T-test by using SPSS software.

3. Result 

The proposed technique involved training the ANFIS 
to determine the optimal dosage of sodium valproate 
when the features given in Table 1 were used as inputs. 
The Adaptive Neuro-Fuzzy Inference System design 
was modeled based on 33 IGE records. 7 records were 
used for testing the system. The training was done using 
the above system’s data training. This study used hybrid 
methods for optimizing the parameters. This system can 

Table 2. Statistical characteristics of training error after 1000 
epochs.

Model R-Square Adjusted 
R-Square

Std. Error of the 
Estimate

ANFIS 0.839 0.834 59.00385

be regarded as a great step towards a more complete 
and accurate determination of the optimal dosage. The 
rate of the train’s error was noted in each stage of the 
training process. The statistical characteristics related to 
training error after 1000 epochs are shown in Table 2.  

The data which was used for testing system is shown 
in Figure 4. The observed optimal dosage versus the op-
timal dosage estimated by ANFIS with description of 
samples is shown in Table 3. The output of ANFIS is 
shown by an star (*) and the observed optimal dosage is 
shown by a plus icon (+).

Figure 4. Observed optimal dosage versus ANFIS output.

Table 3. The observed optimal dosage versus the optimal dosage estimated by ANFIS with description of samples.

The Age Of Onset The Frequency Of Seizure 
Before Therapeutic Intervention

The Observed Optimal 
Dosage

The Optimal Dosage
 Estimated By Anfis

14 3 400 400.0145

15 1 400 400.1802

17 2 400 449.8552

14 1 400 599.8415

23 2 400 250.1890

16 2 400 401.9849

15 2 750 748.1777
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As it is shown in Table 3 just four observations are 
estimatedto be correct by ANFIS. Inclinical application, 
there is no difference between 400 and 450 so we can 
say the system has correctly estimated five observa-
tions. However, the accuracy of the proposed system is 
0.598 which is shown in Table 4. Although these esti-
mated dosages might not be optimal, they are nearopti-
mal (or suboptimal). Besides, by starting from subopti-
maldosage, neurologists will sooner be able to reach the 
optimal dosage.Other statistical properties are given in 
Table 4. Figure 5 and Figure 6 show the final member-
ship functions of the inputs (input 1: age of onset, input 
2: frequency of seizure before therapeutic intervention), 
using the disigmoid membership function respectively. 
Pearson correlation coefficient between these two vari-
ables was significant (P <0.05) and equal to 0.77, which 
indicates a positive linear relationship between the two 
variables (estimated and observed). Also, the T-test was 
not significant (P >0.05) and showed that there is no 

difference between the mean of estimated and mean of 
observed.

4. Discussion

This paper presented a new application of ANFIS for 
estimating the optimal dosage of sodium valproate in 
IGE patients. Fuzzy set theory plays an important role 
in dealing with uncertainty when making decisions in 
medical applications. Using fuzzy logic enabled us to 
use the uncertainty in the design of ANFIS and conse-
quently to increase the credibility of the system output. 
Collectively, it seems that ANFIS has a high capacity 
to be applied in medical sciences especially neurology. 
The collection of well-distributed, sufficient, and accu-
rately measured data is the basic requirement to obtain 
an accurate model. This system, as the first system for 
estimating the optimal dosage, is not as accurate as ex-
pected because the considered inputs were not the only 
factors related to specifying the optimal dosage and the 
collected datawas not big. However, it was as good as 
the neurologist expected to be applicable for treating the 
IGE patients with sodium valproate and it will become 
more accurate by making large amount of data for learn-
ing ANFIS. Based on literature, other factors related to 
the optimal dosage arelife style, duration of monother-
apy, compliance, pharmacological factors and seizure’s 
feature (e.g. how long they take, when they happen and 
how they happen) (Rowland et al., 2010). Thus, for a 
better estimation of optimal dosage, more data and more 
inputs should be applied.
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