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Abstract 
Aim: Iron overload and hepatitis C virus (HCV) infection together can lead to chronic liver damage in β-

thalassemia major (β-TM) patients. Given the high toxicity of this regimen, Peginterferon plus ribavirin (peg-

IFN/RBV) is still the standard of care for treatment of HCV in many countries. These considerations led us to 

design a prediction model in combination of data mining techniques to compare treatment efficacy and 

tolerability of Peg-IFN and RBV combination therapy versus Peg-IFN monotherapy. 

Materials and Methods: Data from (β-TM) patients with genotype-GT4 from different centers in Egypt were 

analyzed. Treatment endpoint is sustained virological response (SVR) defines as undetectable HCV RNA 24 

weeks following termination of therapy. The prediction models were produced with decision tree classification 

algorithms: J48 Tree and Logistic Model Tree (LMT). 

Results: A total of 175 patients who completed Peg-IFN/RBV therapy achieved SVR at 24 weeks 87(49.7% 

responders) and 88 did not (50.3%). While 135 patients completed peg-IFN monotherapy treatment achieved 

59(43.7% responders) and 76(56.3% non- responders). The accuracies of compared models are above 70%. In 

Peg-IFN/RBV, LMT algorithm shows 88.2% accuracy compared to 82.4% by J48 model. In Peg-IFN 

monotherapy, LMT shows 69.2% in comparison to 82.4% by J48, J48 is much simpler and easier to interpret. 

We investigated the role of iron overload on the efficacy of anti-HCV treatments. Various cutoff levels of 

Ferritin were significantly related to different probability of SVR.  Finally, we evaluated the changes in blood 

transfusion regime, laboratory and histopathological data during the antiviral treatment. This was further 

confirmed by binary regression analysis; p value<0.05. 

Conclusion: The experimental results showed that the model obtained acceptable results.  
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I. INTRODUCTION 

Thalassemias are the commonest monogenic disorders in the world [1], and the incidence rate is higher 

in the Middle East [2]. β-thalassemia constitutes a major health problem in Egypt with an estimated carrier rate 

of 9-10% [3]. Beta thalassemia major, also called Cooley's anemia is prevalent in the Mediterranean regions 

particularly Italy, Greece, Egypt. It is also found in Saudi Arabia, Iran, Africa, Southeast Asia and southern 

China [4]. 

The thalassemia disease classified into three categories: Thalassemia Major (Thal-M), Thalassemia 

Intermediate (Thal-I), and Thalassemia Trait or Minor (Thal-T). Patients with Thal-M and Thal-I require 

repeated blood transfusions during whole their lives and other treatments, while Thal-T usually do not require 

any specific therapy [5]. Since thalassemia is a genetic disease so we can control it by eliminate the marriage 

between the both people who have carried the genes. Complete Blood Count (CBC) test is the first and the 

simplest test can perform on the way to indicate the thalassemia’s genes existence [6]. 

https://www.hindawi.com/journals/ah/2016/9032627/
https://www.hindawi.com/journals/ah/2016/9032627/
https://www.hindawi.com/journals/ah/2016/9032627/
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Transfusion-related infections especially chronic HCV infection increases the morbidity and mortality 

of thalassemic patients. Despite remarkable improvements in HCV treatment during the recent years, many 

thalassemic patients with chronic HCV infection still do not respond adequately to standard therapy [7]. 

In thalassemic patients, monotherapy (Peg-IFN) with or without ribavirin has been the available 

treatment for decades. [7,8,9] Ribavirin, that is one of the major determinants of the SVR, can induce life-

threatening anemia in thalassemia major patients, and thus, is generally considered contraindicated in these 

patients [10,11]. In addition to contraindication of ribavirin, high iron content of serum and liver with its 

probable role in conferring patients’ interferon resistance and its synergistic effect on progression of liver 

fibrosis is another major confounder in treatment of thalassemia major patients [12]. 

Extensive analysis has identified several factors that correlate with (SVR) such as gender, age, viral 

load and degree of fibrosis on liver biopsy. Most complications can be avoided if ferritin levels can be brought 

down to <1500 μg/l. Several of these predictive factors may be helpful clinically in guiding therapy, in 

providing advice about the likelihood of a response and in determining the duration of therapy [13,14].  

Few HCV GT4-infected patients were enrolled in registration trials for PegIFN alfa/RBV [13]. A 

comprehensive review of trials in GT4 patients, most of which were conducted in the Middle East, found that 

(SVR) rates have ranged from 38% to 87% [13]. The SVR rate of 87% was obtained in HCV GT4-infected 

patients with a rapid virologic response (RVR), defined as undetectable HCV RNA at week 4 of treatment [14]. 

Consistent with this finding, an SVR rate of 86% was obtained in Egyptian patients with HCV GT4 infection 

who achieved an RVR [16]. In a study performed in France, an RVR was obtained in 15 out of 59 patients with 

HCV GT4 infection and was a strong predictor of SVR with 82%, 47%, and 29% of patients with host IL28B 

rs12979860 CC, CT, and TT genotypes, respectively, achieved an SVR [17]. 

The ability to predict which patients are most likely to achieve an SVR with PegIFN alfa-2a/RBV on 

the basis of patient characteristics alone would be extremely useful in guiding treatment decisions. Moreover, 

the combination of a baseline prediction tool and on-treatment predictors such as RVR would allow clinicians to 

optimize treatment outcomes by preferentially initiating treatment in patients with favorable baseline profiles 

and continuing treatment only in those most likely to respond, while avoiding exposure to potential adverse 

events in those unlikely to achieve an SVR. 

Decision-tree models represent a potential tool for prediction of therapeutic outcome to antiviral 

therapy among difficult-to-treat GT4 chronic HCV patients, as they enable clinical decisions either to estimate 

the probability of patients will develop a disease, will respond to a treatment, their disease will recur or 

regarding the proper selection of patients for therapy without imposing any additional costs [18].  

A combination of a tree structure and logistic regression models (i.e. a decision tree with logistic 

regression functions at the leaves) resulting in a single tree. An advantage of using logistic regression is that 

explicit class probability estimates are produced rather than just a classification. In this paper, we present a 

method, called LMT (Logistic Model Trees) that follows this idea.  

 

II. RELATED WORK 

In a study, Wongseree et.al [16] investigated thalassemia classification by using a neural network and a 

decision tree, which is evolved by genetic programming. The aim is to differentiate between thalassemic 

patients, persons with thalassemia trait and normal subjects by inspecting characteristics of red blood cells, 

reticulocytes and platelets. But they need in the proposed model more blood testing like Platelet and 

Reticulocyte. El-Sebakhy and Elshafei in [17] proposed thalassemia screening using unconstrained functional 

networks classifier and compare the performance of the proposed model with both multilayer perceptron (MLP) 

and support vector machine (SVM), and the results showed that using unconstrained functional networks 

classifier takes much less computations. Zayed al., [18] compiled data from Egyptian patients with chronic 

HCV-G4 and used Weka implementation C4.5 decision-tree algorithm and Reduced Error Pruning (REP) tree as 

one of the Fast decision tree learner (FDTL) algorithms and they concluded that the Prediction of treatment 

outcome in chronic HCV patients genotype-4 (HCV-G4) has been an important debate since even with the 

application of combination therapy for 48 weeks only around 50% of patients will respond.  

On studying challenges of diagnosis of iron deficiency anemia (IDA), β-thalassemia trait and α-

thalassemia trait to help specialists to detect the type of anemia accurately, regarding their blood similarities and 

number of the patients, avoid doing irrelevant tests, reduce time and the price of detection only using the CBC 

test. This study showed by modeling J48, IBK and Naïve Bayes using hybrid (voting) algorithm had the highest 

performance and low mean absolute error than using single classifier including Multi-layer perceptron [19].  

Previously in a meta-analysis of literature, showed that peg-IFN monotherapy can induce a SVR rate of 

28% in thalassemia major patients, while peg-IFN/Ribavirn (low dose therapy, accompanying by tight 

monitoring of patients) elicits a SVR rate of 44 percent [20]. The small sample size and lack of control group in 

included studies were two major downsides of meta-analysis.  

https://link.springer.com/article/10.1007/s12325-016-0396-4
https://link.springer.com/article/10.1007/s12325-016-0396-4
https://link.springer.com/article/10.1007/s12325-016-0396-4
https://link.springer.com/article/10.1007/s12325-016-0396-4
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3412553/
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Indeed, this study has been designed to address this issue in a model and to reach a more precise 

estimation of ribavirin tolerability and the effect of its low dose administration on improving SVR in HCV 

infected thalassemia major patients. 

 

III. PATIENTS AND METHOD 

 Clinical Data 

Data from 310 β-TM patients infected with HCV-G4 from different centers in Egypt were analyzed. 

From them, group 1 (n=175) who received Peg-IFN/Ribavirin therapy and group 2 (n= 135) with Peg-IFN 

monotherapy.  All patients were evaluated at baseline and at different time points during treatment and follow 

up. The treatment endpoint was SVR defines as undetectable HCV RNA 24 weeks during or following 

termination of therapy. The dataset created contains demographic variables for the patients have been 

investigated and analyzed.  

Table 1 states relationship between baseline independent variables and SVR at 24-week with 

statistically significant relationship at (P value < 0.05). Data were reported also as mean value ±standard 

deviation (SD). 

 

Table (1): Baseline Characteristics of Dataset Attributes 
Features name Group1 p-value Group2 p-value 

Patients No. 175  135  

Age (Years)  

(Means ± SD) 

Range 

 

26.0 ±4.96 

18-34 

0.19  

25.7± 4.7 

18-34 

0.27 

 

Gender 

Male (1) 

Female (2) 

 

122 (69.7%) 

53 (3.3%) 

0.35  

98 (72.6%) 

37 (27.4%) 

0.23 

 BMI , Mean ± SD 

Range (16.6-43.2) 

26.73 ±2.25 

23-32 

0.18 26.9± 2.68 

22-31 

0.86 

White blood cells  
(4000-11,000) Range 

Mean ± SD 

 
2600-11150 

6433.6 ±20516 

0.72  
3904-11173 

7626.2 ±2148.4 

0.59 

Hemoglobin (mg/dl) 

Range 

M(13-16), Mean ± SD  

 F (12-14), Mean ± SD 

 

6-12 

(122) 9.1 ±0.189 

(53) 9.06±0.27 

0.61  

6-12 

(98) 9.03 ±2.01 

(37)  9.1±1.94 

0.42 

Platelets 

Range (150,000-450,000) 
Mean ± SD 

 

174,426-224,985 
2004,457 ±138,1 

0.54  

174,334-224,854 
200680.9±147,58 

0.85 

Baseline PCR (IU/ml) 

Mean ± SD 
Range 

<600,000 

>600,000 

 

465844.7 ±550732.1 
98700-7049083 

123 (70.3%) 

52 (29.7%) 

 

0.10 
 

 

0.01* 

 

1051113.1±277355.2 
148317-2380000 

5 (3.7%) 

130 (96.3%) 

 

0.42 
 

 

0.014* 

 AST (U/L), Mean ± SD 

Range 
Normal (<35 U/L), No.% 

Elevated No. (%) 

90.41 ±22.3 

49-127 
60 (34.3%) 

115 (65.7%) 

0.11 91.39 ± 23.4 

49-128 
46 (34.1%) 

89 (65.9%) 

0.15 

 (ALT), Mean ± SD 
Range 

Normal (<35 U/L), No.% 

Elevated No. (%) 

86.6 ±22.4 
49-128 

74 (42.3%) 

101 (57.7%) 

0.18 86.4 ±21.9 
50-127 

56 (41.5%) 

79 (58.5%) 

0.86 

Histologic_staging (1-6)  

Mean ± SD 

1-3 

1.99 ±0.82 

0.78 1-5 

2.37± 1.15 

0.21 

Histologic_grading  

(Ishak score 1-18) 

Mean ± SD 

 

4-13 

8.71 ±2.61 

0.57  

4-13 

8.61± 2.8 

0.48 

Stage of liver siderosis(1) 

                                     (2) 

                                     (3) 
                                     (4) 

40 (22.8%) 

36 (20.5%) 

48 (27.4%) 
51 (29.1%) 

0.33 32 (23.7%) 

36 (26.6%) 

32 (23.7%) 
35 (25.9%) 

0.17 

Transfusion requirement % 

Yes (1)  
 No (2) 

 

98 (56.0%) 
77 (44.0%) 

 

0.25 

 

6 (4.4%) 
129 (95.6%) 

 

0.53 

Ferritin before treatment 
Mean ± SD 

Range (ng/mL) 

>1560 
<1560 

 
2066.05 ±543.6 

1135-2997 

131 (74.9%) 
44 (25.1%) 

 
 

 

0.03* 

 
1992.46±552.66 

1109-3006 

100 (74.8%) 
35 (25.2%) 

 
 

 

0.62 

Ferritin after treatment 

Mean ± SD 

 

2101.5 ±527.82 

 

 

 

2008.9±536.95 
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Range (ng/mL) 

>1560 

<1560 

1111-3007 

141 (80.6%) 

34 (19.4%) 

 

0.91 

1114-3016 

98 (72.6%) 

37 (27.4%) 

 

0.70 

Splenectomy, y,No.(%) 

Yes (1) 

No (2) 

 

93 (53.1%) 

82 (46.9%) 

0.12  

70 (51.9%) 

65 (48.1%) 

0.51 

IL28B polymorphism 

1=CC 
2=CT 

3=TT 

 

47 (26.9%) 
62 (35.4%) 

66 (37.7%) 

0.78  

40 (29.6%) 
51 (37.8%) 

44 (32.6%) 

0.14 

HCV-RNA 4 week (RVR) 
Respond 

Not respond 

 
21 (11.9%) 

154 (87.5%) 

 
0.0* 

 
15 (11.1%) 

120 (88.9%) 

 
0.0* 

HCV-RNA 24 week (class) 
Respond 

Not respond 

 
87 (49.7%) 

88 (50.3%) 

  
59 (43.7%) 

76 (56.3%) 

 

 

The dataset (age, gender, BMI), hematological variables (white blood cells (WBC), hemoglobin (Hb), platelet 

count), biochemical variables [aspartate aminotransferase (AST) and alanine aminotransferase (ALT), ferritin 

levels before and after treatment, quantity of HCV-RNA] in addition to siderosis grade, transfusion requirement, 

splenectomy, IL28B polymorphism and histopathologic features of chronic hepatitis.  

 

 Predictor of SVR 

The pre-treatment clinical data including age, gender, liver histological (Ishak score) stage (1-6) and 

grade (1-18), hepatocellular siderosis (iron-overload) grade (1-4), increase transfusion requirement, baseline 

HCV-RNA quantity, AST, ALT, ferritin levels before and after treatment, IL28-β (CC, CT, TT) were elucidated 

as independent factors in relation to SVR at week 24 and evaluated by binary logistic regression. The overall 

rate of SVR in group (1) patients was 65.1% while in group (2) was 70.9% (Table 2). 

 

Table (2): Binary logistic regression for baseline factors associated with likelihood of SVR of treatment at 

(24 weeks). 
 Group 1: Peg-IFN/RBV Group 2: Peg-IFN 

Parameter Odds 

ratio 

SE 95% C.I. P value Odds 

ratio 

SE 95% C.I. P value 

Age 1.044 0.03 (0.978-1.115) 0.197 0.96 0.04 (0.88-1.04) 0.35 

Male gender 1.026 0.36 (0.501-2.10) 0.94 0.77 0.43 (0.33-1.8) 0.56 

Hb (mg/dl) 1.06 0.08 (0.9-1.2) 0.23 0.95 0.09 (0.78-1.16) 0.66 

Histologic_grade 1.0 0.06 (0.8-1.1) 0.89 0.99 0.07 (0.86-1.1) 0.9 

Histologic_stage 1.1 0.2 (0.7-1.6) 0.9 0.99 0.17 (0.65-1.3) 0.67 

Siderosis_grade 0.8 0.15 (0.6-1.1) 0.3 1.0 0.17 (0.7-1.4) 0.99 

Transfusion (Yes) 1.4 0.33 (0.7-2.7) 0.2 1.4 0.9 (0.23-9.1) 0.67 

Spleenectomy (Yes) 0.7 0.3 (0.3-1.4) 0.4 1.1 0.39 (0.5-2.5) 0.68 

Baseline_HCV-

RNA (>600 IU/ml) 

1.0 0.39 (1.0-1.0) 0.02* 1.0 0.0 (1.0-1.0) 0.0* 

AST (>100 U/L) 0.98 0.35 ((0.9-1.0) 0.04* 0.85 0.40 (0.38-1.8) 0.69 

ALT (>100 U/L) 1.0 0.36 (0.9-1.0) 0.05* 0.66 0.43 (0.28-1.5) 0.34 

Ferritin_before   

(< 1560 ng/ml) 

1.0 0.41 (1.0-1.0) 0.03* 0.65 0.47 (0.25-1.66) 0.37 

Ferritin_after  

(< 1560 ng/ml) 

1.0 0.42 (0.9-1.0) 0.2 0.74 0.45 (0.3-1.8) 0.51 

IL28β  0.8 0.4 (0.3-1.8) 0.6 0.76 0.5 (0.27-2.08) 0.59 

Overall prediction 

(%) 
65.1% 70.9% 

Significant at p-value <0.05 

 

 

 

 

 

 

 

 

 

 

 

 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4509233/table/tbl02/
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Fig (1): shows ROC curve for predicted model of group 1 (Peg-IFN/Ribavirin) with AUC of 0.69, 

sensitivity 70% and specificity about 45%. 

 

 Data mining prediction Model 

A framework has been built to predict the response of β-TM with HCV genotype four patients to 

treatment by applying Data Mining Techniques (DMT) on clinical information, and then extract the result of 

DMT to be a Knowledge Base for our application to perform the prediction process.   

 

 Feature Selection and Classification 

To make the untreated data more suitable for further analysis, pre-processing steps should be applied. 

Some different techniques exist, with these techniques (1) feature selection, (2) dimensionality reduction, and 

(3) feature extraction. In the classification task, the data set is divided into training and testing sets. A good 

classification model should be appropriate the training set well and correctly classifies all the examples. If the 

test error rates of a classification model begin to increase although the training error rates decrease, then this is 

known as data overfitting.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig (2): Framework for proposed data mining algorithms 
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 The Proposed Model 

First Stage: Data Collection and Preprocessing 

At preprocessing dataset: should eliminate useless attributes, refill the missing values and remove/refill 

the outlier values on the outlier samples. Data sets have been split into the training set, which is used to build the 

model and testing set that is used to evaluate the proposed model. 

Second Stage: Feature selection and reduction 

Is to select a subset of features relevant to the target DMT from all the features of the data set. In the 

filtering approach; the feature selection algorithm is independent of the DMT which applied to the selected 

features. A subset of 15 features was selected to speed up the model building process. The class label is 

considered as the PCR of (24
th

 weeks following termination of therapy). 

 For Resampling; each treatment group has been divided into: 90% of the data as a training set and 10% 

as a testing set using supervised resample filter in Weka. 

Third Stage: Evaluating the Proposed Model 

The test set represents an external data set that was not used for training. The receiver operating curves 

(ROCs), sensitivities, specificities, predictive values, and accuracies were applied to evaluate the performance of 

each model or technique on both the training and test sets. 

 

 Decision Trees 

 C4.5 (Weka J48) 

C4.5; is based on the ID3 algorithm will emphasize on splitting dataset and selecting a test that will 

give best result in information gain. If all cases are of the same class, the tree is a leaf and the leaf is returned 

labeled with this class.  For each attribute, calculate the potential information provided by a test on the attribute 

(based on the probabilities of each case having a particular value for the attribute). Depending on the current 

selection criterion, find the best attribute to branch on.  

Entropy: measure disorder of the data, if the sample is completely homogeneous the entropy is zero 

and if the sample is an equally divided it has entropy of one. 

Entropy (D) = − ∑  𝑝𝑖 𝑙𝑜𝑔2 𝑝𝑖𝑐
𝑖=1   

The information gain is based on the decrease in entropy after a dataset (D) is split on an attribute, that 

returns the highest information gain. 

Information (after split attribute y into partitions) to classify D: 

Entropy Y (D) = ∑
|𝐷𝑗|

|𝐷|

𝑣
𝑗=1   *Entropy (Dj) 

Total information gain by branching on attribute Y: 

Gain (Y) = Entropy(D) – Entropy Y (D) 

Pruning: After the whole creation processes of the tree, which classify all the training set instances, it is pruned. 

This is to minimize classification errors which can be occurred because of specialization in the training set; we 

do this to make the tree more general. Replacement is by raising node subtree upwards from leaves toward the 

root of tree and also replacing other nodes on the same way.  

 

C4.5 Tree model revealed that in patients who were adherent to PegIF treatment, HCV-RNA baseline was 

selected as the variable of initial split (most decisive) (Fig.4).  

Among patients who were adherent to Peg-IFN/RBV treatment, patients with baseline ferritin levels >1679 

ng/ml were classified as high probability group (Fig.3). 

Of the 310 total patients, end of treatment response at week 24 was evident in group (1) 49.7% treated with 

(Peg-IFN/RBV) and 43.7% group (2) treated with (Peg-IFN monotherapy). Failure in response and 

breakthrough were evident in 50.3% group (1) and 56.3% group (2). 
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Fig (3): DT for (Peg-IF /RBV) treatment by C4.5 algorithm 

 

 

Fig(4): DT for Peg-IF monotherapy by C4.5 algorithm 

 

 Logistic Regression and Logistic Model Tree (LMT) 

The algorithm learns a coefficient for each input value, which are linearly combined into a regression function 

and transformed using a logistic function. This method seeks to simplify the model during training by 

minimizing the size of coefficients learned by the model. The logistic regression model can be described as 21]: 

P (y=1| X;Ө) that represents the probability of y=1 given X and parameterized with Ө 

p (yi | xi ; Ө) = ∑ 𝑥𝑗
(𝑖)Ө𝑗

𝑛

𝑗=1
=  Ө𝑇𝑋                                            (1) 

where yi = [0,1], Ө= takes any real number. 

 

Change the probability to ODDS   odds = p/1-p 
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Log (p / 1-p) = Ө𝑇𝑋                                                                       (2) 

 

To estimate parameter Ө; 

p (y=1 | xi ; Ө) = 
1

1+𝑒−𝜃𝑇 𝑥𝑖                                                              (3) 

p (y=0 | xi ; Ө) = 1 −
1

1+𝑒−𝜃𝑇 𝑥𝑖                                                       (4) 

Both equation can combine: 

p (y i  |xi ; Ө) = (
1

1+𝑒−𝜃𝑇 𝑥𝑖) 𝑦𝑖  . ( 1 −
1

1+𝑒−𝜃𝑇 𝑥𝑖)
1−𝑦𝑖                         (5) 

 

LMT are classification trees with logistic regression functions at the leaves. LMT significantly produces smaller 

trees than C4.5 (due to its pruning mechanism).  

Fig (5): DT showed predicted probability estimate for (Peg-IF/RBV) treatment by LMT algorithm 

 

IV. EXPERIMENTAL RESULTS 

Validation of the decision tree and various algorithms:  

Was performed with test mode hold-out validation that considered as the simplest type of cross 

validation method. The data set is divided into two different sets, which are known as the training set and the 

testing set [22]. The function approximator uses the training set only to fit a function which is used to predict the 

output values for the testing set data which has never seen these output values before. Then the errors it makes 

are gathered as before to give the mean absolute test set error, which will be used to evaluate the model. This 

method is usually preferable to the other methods and takes less time to compute. In this study we classified the 

accuracy of different algorithms and compared the results to know which algorithm shows best performance.   

After applying the model; a large scale of statistical information was obtained. These performance 

measures had been used to evaluate the model as shown in Tables (3). 

 

Table (3): Performance for group1 (combined therapy) and group2 (monotherapy) after testing 
 Group1 (Peg-IFN/Ribavirin) Group2 (PegIF) 

 J48 Logistic 

regression 
LMT J48 Logistic 

regression 
LMT 

Total number of instances  175 175 175 135 135 135 

Total number of instances after 90% split 17 17 17 13 13 13 

Size of the tree 27  17 35  15 

Number of leaves 14  9 18  8 

Kappa statistics 0.62 0.28 0.74 0.56 0.35 0.41 

Mean absolute error 0.19 0.36 0.16 0.19 0.39 0.35 

Relative absolute error % 40.3 76.2 34.7 42.9 82.3 78.1 

Sensitivity % (TPR) 90.0 77.8 90.9 66.7 40.0 42.9 

Specificity % (TNR) 71.4 50.0 83.3 90.0 87.5 100.0 

PPV% (Precision) 81.8 63.6 90.9 66.7 66.7 100.0 

NPV% 83.3 66.7 83.3 90.0 70.0 60.0 

FNR  18.2 36.4 9.1 33.3 33.3 0.0 

FPR  16.7 33.3 16.7 10.0 30.0 40.0 

ROC area 0.88 0.72 0.86 0.9 0.68 0.77 

Accuracy % 82.4 64.7 88.2 84.6 69.2 69.2 
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Fig (6): Accuracy% in patients treated with Peg-IFN/Ribavirin using different algorithms. J48 of optimal 

accuracy at 82.4% and LMT of 88.2%. 

 

 
Fig (7): Accuracy% in Peg-IFN monotherapy patients showed J48 optimal accuracy at 84.6%. While 

LMT was 69.2%. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig (8). The accuracy percentage of HCV treatment response and classification techniques 
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Fig (9): ROC curves of J48 and LMT classifiers for (Peg-IFN/Ribavirin) treatment 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig (10): ROC curves of J48 classifier for (Peg-IFN) monotherapy treatment 

 

 

V. DISCUSION 

The main aim of this paper is to predict response of treatment using WEKA data mining tool. We have 

used algorithms as J48 and logistic regression for our experimentation. These algorithms compare classifier 

accuracy to each other on the basis of correctly classified instances, mean absolute error and ROC Area. 

Maximum ROC Area means excellent predictions performance as compared to other algorithms.  

We found that how pruning perform well and can influence the accuracy of classification and 

complexity of tree structure. An interesting question for future research is to proof that datasets also fluent the 

performance of algorithms. Overall, J48 produces high accuracy of classification and avoid high percentage of 
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misclassifications. What we need is the simple tree with high accuracy. If the algorithm produces simple tree 

and low accuracy, it means that algorithm compute high misclassification during instances learning process.  

Initial limited trials with interferon plus ribavirin in patients with thalassemia resulted in a 30% 

increase of blood requirement and prompted an associated increase of chelation therapy.[38] This led to specific 

contraindication to the use of ribavirin in thalassemia and other hemolytic anemias. Moreover, transfusion 

requirements increased, as expected, by 56% in combined vs 4.4% in monotherapy patients. 

The results of this study demonstrate that rapid clearance of HCV RNA from the serum of patients 

infected with HCV-GT4 significantly increased the probability of a SVR after 24 weeks of treatment with Peg-

IFN/ribavirin. Early clearance of HCV RNA not only increased the likelihood of an end-of-treatment response, 

but greatly reduced the likelihood of virological relapse during follow-up. The comparison of SVR rates in 

patients treated for 24 or 48 weeks demonstrates that there was no significant difference between SVR rates 

among patients who achieved a RVR at week 4. 

Our logistic regression model demonstrates that HCV RNA level is the independent significant 

baseline predictor of RVR. Patients with higher baseline HCV RNA levels were less likely to achieve an RVR, 

although those with a RVR (9.5% of those with baseline HCV RNA >600,000 IU/mL) were as likely to achieve 

a SVR as patients with low baseline viral loads 90.5%. 

Decision-trees analysis classified Peg-IFN/Ribavirin patients with high probabilities for SVR according 

to Ferritin baseline levels (P=0.03). Using this model, an estimate of SVR can be rapidly obtained before 

treatment, and thus may facilitate clinical decision making. Nonetheless, the growing recognition of Ferritin 

levels as a predictor of response, given its uniqueness and the final decision should be made on a case-by-case 

basis. 

This prospective study showed that low dose ribavirin in chronically HCV infected thalassemia patients 

is safe, tolerable and effective. Our primary efficacy analysis showed that SVR rate was significantly higher in 

group (A) patients who received combination therapy with low dose ribavirin in comparison with patients of 

group (B) who received monotherapy. In addition, HCV-PCR baseline, Ferritin and age were predictors of SVR 

rate in the total studied population. These findings are consistent with the results of previous studies [12][24]. 

Moreover, by close observation and frequent transfusion, the rate of severe hemoglobin drop can be 

minimized. As presented in Table 1 most of major predictors of virological response including HCV RNA level, 

sex, HCV-PCR, age and liver histological findings appeared to be similar in both groups [24].  However, 

someone can argue that lack of randomization might underestimate the efficacy of Peg-IFN monotherapy or 

overestimate the safety of ribavirin. The reason is that patients with more severe thalassemia might have denied 

ribavirin treatment. This is unlikely in our opinion because comparison of baseline serum ferritin level shows 

that those who accepted ribavirin therapy had a significant elevated serum ferritin level and subsequently a more 

severe thalassemia than those who declined to receive ribavirin [25], our study shows 74% ferritin baseline 

levels in both groups. This analysis indicated that the major impact of low dose ribavirin was in thalassemia 

major patients with age older than 24 years of age, a low serum ferritin (< 2600 ng/mL), an elevated ALT and 

liver fibrosis of 0-4 HAI, history of splenectomy and viral load ≤ 600,000 IU/mL. This later observation has 

been reported by others as well [12].  

To evaluate the association between IL28B polymorphisms and the stage of liver fibrosis both 

combined therapy and monotherapy patients (P=0.59). In TM patients, hepatic iron overload and HCV infection 

are the major risk factors for progression of fibrosis [23], this study showed (P=0.5) in both treated groups.  

 

VI. CONCLUSION AND FUTURE WORK 

Patients with thalassemia major infected with HCV-G4 are the most resistant to treatment and therefore 

are commonly selected for studies involving new antiviral agents. Our analysis may indicate that therapy with 

low dose ribavirin may be considered as the treatment of choice in certain patients of thalassemia major patients 

but not all patients.  In clinical practice, the possible applications of logistic regression and decision-tree 

algorithms; can improve confidence in the results. In the future, more data sets will be used to train other 

classifiers and to try more experiments. Also other techniques will be applied and more than one technique will 

be combined to reach as high accuracy as possible. 
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