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hidden layer of 70 to 180 neurons and an
output layer containing a single neuron. For
decision Trees (DTs), the CART
classification algorithm was used. Six DTs
with two classes, pruning levels of 9, 11, 13,
and 17, and nodes from 45 to 61
investigated. Among the 12 features in the
study, the most statistically significant
informative features were the patient’s
Histology activity index, fibrosis, viral-load,
Alfa-feta protein and albumin. Validation of
the models on a 20% test set was then
performed. The best and average accuracy
for the ANN and DT models were 0.76 and
0.69, and 0.80 and 0.72 respectively.
Sensitivity and specificity were 0.95 and
0.39, and 0.89 and 0.78 respectively. We
conclude that decision trees gave a higher
accuracy in predicting response and would
help in proper therapy options for patients.

Abstract

Hepatitis C virus’ patients with genotypes
1 & 4 have break-even response rates to
Pegylated-Interferon
(Peg-IFN)
and
Ribavirin (RBV) treatment. Furthermore, the
incompliance to the treatment because of its
high cost and related unfavorable effects
makes its prediction of paramount
importance. By using machine-learning
techniques,
a
significantly
accurate
predictive model constructed to predict
Egyptian patients' response based on their
clinical and biochemical data. The model
uses Artificial Neural Networks (ANN) and
Decision Trees (DT) to achieve this goal.
Two-hundred patients treated with Peg-IFN
and RBV; 83 responders (41%), and 117
non-responders
(59%)
retrospectively
studied to extract informative features and
train the Neural Networks and Decision
Trees. Optimization done by using six
different Neural Network architectures,
starting with an input layer of 12 neurons, a
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requiring months of weekly injections, with
serious side effects ranging from flu-like
symptoms to depression and autoimmune
disorders [2]. Numerous studies in recent
years have proposed markers for predicting
HCV patient response to therapy [3].
Although combination therapy with Peg-

Introduction
Hepatitis C is an infectious disease
affecting the liver. It caused by the Hepatitis
C Virus (HCV) [1]. The current treatment
regime, Pegylated Interferon-α (Peg-IFN-α)
and Ribavirin (RBV) is long and difficult,
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IFN-α and RBV has been the recommended
treatment for CHC patients, many patients
will not be cured by treatment. In addition to
limited efficacy, it well known that some
patients often stop completing therapy
because of the high cost and significant
unfavorable reactions [4]. As a result, it
would be highly desirable to determine
effective parameters on the combination
treatment response and predict the possible
outcome of therapy to distinguish
responders from non-responders [5]. The
aim of the study was to assess whether
virological response could predicted
accurately before using combination therapy
to treat the patients.In chronic viral hepatitis,
the data of 200 patients treated with a
Material and Methods

combination of Peg-IFN and RBV was
retrospectively analyzed; 83 (0.415%)
patients responders and 117 (0.585) nonresponders.
Combination treatment with Peg-IFN and
RBV considered the standard treatment for
hepatitis C patients in Egypt. Unfortunately,
the Peg-IFN plus RBV regimens have a
number of drawbacks. Intolerable side
effects necessitate pre-maturely stopping
treatment or dose reductions [5]. The SVR
rates patients chronically infected with
HCV-4 responded favorably to Peg-IFN-α2a/RBV therapy with higher SVR rates than
those reported for genotype 1[6].

Patients who show clearance of the virus
after 48 weeks considered responders, while
those who did not show clearance
considered non-responders

The study included 200 Hepatitis C
patients with genotype 4 at Cairo University
Hospital who were treated with combined
therapy PEG-IFN-α and RBV for 48 weeks.
.
Data Preprocessing

processing as much as possible, and try to
eliminate uninformative features first.

Data preprocessing transforms the data
into a format that would be more easily and
effectively comprehended by the machine
learning computational techniques. The
Ishak inflammation scoring criteria was
used which provided better training to the
ANNmodel than METAVIR. The neural
network takes to two sets of data; one for
training and the other for testing. For
training, 150 records were assigned and for
testing 50 records were assigned. The model
includes the following 12 features: Age;
Gender; Body Mass Index; Albumin;
Alanine Amino Transferase; Aspartate
Amino Transferase; Alfa-Feto Protein;
Histology Activity Index; Viral load;
Genotype; Fibrosis stage, and Cirrhosis. The
order of the preprocessing steps is
important. One should avoid the elimination
of patients from the analysis during data pre-

1.

Cleaning: unimportant and
problematic features and patients
removed.

2.

Ranking:
the
remaining
features were stored and ranks
assigned based on importance.

3.

Selection: the subset of
features to be used in the subsequent
models was identified [7].

For each feature, the value of its
importance calculated as (1 - P); where P is
the value of the corresponding statistical test
of association between the runner feature
and the target variable. For categorical
variables, the P value based on Pearson’s
Chi-square, while for non-categorical
variables the P value based on the F test.
Based on the features’ importance, the
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values sorted first by P value in ascending
order and descending order for (1 - P) as
recorded in table 1 and table 2. Once the
database was completed, all parameters
passed through normalization test. This
means that there is a positive linear
relationship between the data columns and
target column [8]. The ANN model is then
constructed. The development steps in this
study outlined in the flow chart in Figure1.

the training data points, which reach that
leaf [12].
To generate classification tree, we used
CART for all the experiments mentioned in
this manuscript. It works as follows: to
partition the data at each stage of tree, a test
performed to select an attribute with lowest
entropy. Information gain (IG) used as a
measure of entropy difference (H) when an
a t t r i b u t e c o n t ri b u t es t h e a d d i t i o n a l
information about class C [13].

Artificial Neural Network and
Forecasting Treatment Efficacy in
Chronic Hepatitis

Entropy = H(C) = -Σp(c) logp(c) , c Є C
(1)

An ANN is a paradigm that uses
interconnected artificial neurons and
mathematical models in order to represent
complex and nonlinear relationships
between input and output variables [9]. The
most common type of ANN consists of three
layers: an "input" layer, connected to a layer
of "hidden" units, which is connected to a
layer of "output" units. The activity of the
input units represents the raw information
that is fed into the network [10]. Feed
Forward Back Propagation Neural Network
model can used for class prediction based on
a small number of predictors. Training a
network by Back-propagation involves three
stages: Feed forward of the input training
pattern; Back-propagation of the associated
error; Adjustment of weights [11].

Remainder = H (C|Xi) = -Σp(x) Σp (c|x)
logp (c|x), x Є Xi, c Є C
(2)
IGi

=

Entropy

-

Remainder

(3)
In equation (1), p(c) is the probability
that an arbitrary sample belongs to class ‘c’.
Equation (2) shows the entropy after
observing the attribute Xi for the class ‘c’
and p (c|x) is the probability that a sample in
attribute branch Xi belongs to class ‘c’ [14].
Table 5 shows different decision tree
models, which we have generated. The
nodes represent questions about the attribute
values or ranges of values. The edges
represent the possible answers that link
question nodes with other nodes down the
tree, which in turn represent further
questions. Nodes at the bottom of the tree
represent classes; the class of an object
satisfying all the questions associated to the
nodes in the path from the top question node
to the bottom class node [9].

Decision Trees’ principle and Algorithm
The basic idea of DT is very simple. We
want to predict a response or class Y from
Inputs X1, X2,…, Xp. We do this by
growing a binary tree. At each internal node
in the tree, we apply a test to one of the
inputs, say Xi. Depending on the outcome of
the test, we go to either the left or the right
sub-branch of the tree. Eventually we come
to a leaf node, where we make a prediction.
This prediction aggregates or averages all

Results
The data was divided into 150 cases for
training and 50 for validation; the best ANN
and DT have given the maximum accuracy
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0.76 and 0.80 respectively.Within table 5,
the performance of the best ANN and DT is
shown : the mean square error (MSE),
predictive values accuracy, sensitivity,
specificity, and AUC. As accuracy,
sensitivity and specificity increase, the MSE
decreases and the model gives high
performance. The ANN model gives
sensitivity and specificity values that diverse
from 88% to 92% and from 32% to 64%
whilst that of the DT model gives sensitivity
and specificity ranging from 88% to 92%
and from 32% to 64%, respectively. As for
the predictive positive and negative values,
the values varied from 57.0% to 71.0% and
from 69.0% to 84.0%, respectively, when
using the ANN model. Nevertheless, the DT
generated values from 35.3% to 55.6% and
from 81.25% to 97.0%, respectively. The
diagnostic accuracy for ANN 68% (DT6) to
80% (DT1) model rose from 62% (ANN6)
to 76% (ANN1).
The preprocessed parameters used for
training and validation for the six feed
forward back-propagation neural networks:
architectures consisted of 75, 80, 90, 125,
150 and 180 hidden nodes in one layer. The
results shows that network with 180 nodes,
has the best performance while the one with
70 has the least. In table four the sensitivity,
specificity, predictive values and diagnostic
accuracy of the best ANN and DT is shown.
Six DT architectures evaluated with three
attributes: fibrosis score, ALT, and HAI).
They consist of two classes, pruning levels
of 9, 11, 13, and 17 were used, and nodes
from 45 to 61. The result shows that the
decision tree with 61 nodes has the best
performance, while the decision tree with 45
has the least. In table5, the sensitivity,
specificity, predictive values and diagnostic
accuracy of the six DTs recorded.

left of ROC Curve and satisfy the higher
AUC. This means that the ANN1 and DT1
satisfy the best ROC curve and the highest
values of sensitivity and specificity of ANN,
as in figure3 [15].
Discussion
ANN gives the best accuracy with five
features: Albumin, AFP, Viral load, fibrosis
score and HAI. DT however generated
acceptable results with that with only three
features: ALT, Fibrosis score and HAI). The
final step is calculating the output (y),
calculating the MSE. After this, the best
ANN and DT selected. The percentage of
responders and non-responders to the
treatment was 58% and 42%, respectively.
This resulted was generated using the ANN
and DT which gave the best performance:
ANN1 and DT1. They used for predicting
the therapy outcome. As AUC, increases as
accuracy increase that indicated in Figure3
the comparison between the results of the
different ANNs and DTs can summarize in
Figure 4 and Figure 5. Our system
contributes valuable guidance to response
classification specialists. It does so by
utilizing machine-learning techniques. The
process of training artificial neural networks
and decision trees, which consequently
brings benefits in aspects of patient,
hospital, and healthcare system.
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Parameter

P –value

(1-P)

fib_stag

0.003

0.99

Cirrhosis

0.034

0.97

Age

0.188

0.82

Genotype

0.371

0.63

Gender

0.743

0.26

Table 2
F test on Non-Categorical Parameters
Parameter

P –value

(1-P)

Viral load

< 0.0001

> 0.999

BMI (Body mass
index)

< 0.0001

> 0.999

Albumin

< 0.0001

> 0.999

< 0.001

> 0.998

HAI (Histology
Activity Index)

Table 4:

List of Variables used by the Five ANNs and DTs

Field name

Description of
variables

Values and Code

Age

years (rang)

20-58

Gender

Gender

M(158)=1,F(42)=0

Body mass
index(rang)

16.84 - 43.15

ALT (Alanine Amino
Transferase)

< 0.001

> 0.998

BMI

AFP (Alfa-Feto
Protein)

< 0.007

> 0.993

Genotype

HCV
Genotype(rang)

AST (Aspartate
AminoTansferase)

< 0.016

> 0.984

0:Non4 genotype
(25),4:4
genotype(175)

AST

Aspartate
AminoTransferase

0.01-0.29

ALT+

Alanine
AminoTransferase

0.78-7.05

Cirrhosis

Absent or present
cirrhosis

0:No(172),1:Yes(28)

Fibrosis
score*+

Score of fibrosis
Activity(rang)

0–6

Albumin*

Albumin(rang)

2.5-5.3

Viremia*

Viral load
(copies/ml)

0.006-5.050

AFP*

Alfa feta protein

0.02-3.26

HAI*+

Histology Activity
Index

1-15

Result

Therapy result

1:response,0: Nonresponse

Table 3:

Regression Equation
Independent
variable

Coefficient

Std.
error

Constant(x )

0.169

Albumin(α)

0.089

0.082

afp/afp_ul (β)

- 0.069

0.079

Viraload(λ)

0.024

0.064

fib_stag (η)

- 0.086

0.032

HAI(δ )

0.019

0.018

_

+ The key parameters in DT model
* The key parameters in ANN model

Table5

Performance of ANN1 and DT1
Neural
Network
Number

TP

TN

Positive predictive
value %

Negative predictive
value%

Sensitivity
%

Specificit
y%

Accurac
y%

AUC %

ANN1

22

16

71

84

88

64

76

76

DT1

8

32

47.0

97.0

88.9

77.5

808

80

83.2

Table6.Results of the best ANN model

ANN Output(y)

Expected value(Target)
1
0

1

TP=22

FP=9

0

FN=3

TN=16

Table7.Results of the best DT

DT Output(y)

Expected value(Target)
1
0

1

TP=8

FP=9

0

FN=1

TN=32

Figures

Data

Get the best
ANN or
DT

Cleaning

Calculatin
g of MSE

Ranking

Calculating the
output (Y)

Selecting

Building
ANNs or DTs

Normalized

Select key
parameter
s

Figure 1: Flow chart showing steps for finding the best ANN or DT model for predict of response

(Y1) DT1

(Y1) ANN1

.

Figure 2: Comparison of the best ROC curve, values of Sensitivity and Specificity of ANN1 and DT1
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AUC_ANN_

65

70
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AUC(DT)

Figure 3: The relation between AUC and accuracy of 6 ANN and 6 DT.

Figure 4: Comparison of the AUC values of 6 ANNs and AUC of 6 DTs. Figure 5: Comparison of the accuracy of 6 ANNs and

6DTs
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