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The incidence of lung cancer is increasing, particularly among elderly patients with 

approximately 40% arising in patients over 70 years [1]. In 2002, approximately 6,700,000 death 

were due to cancer (3,796,000 men and 2,928,000 women), corresponding to the third cause of 

death [2]. Lung cancer has the highest overall mortality in the Western World with over 1 million 

deaths annually. Data extracted from Microarrays chips is considered to be an important source 

for providing insight about cancer. Particularly, when it concerns survival prediction outcome, 

several studies have reported on the successful application of supervised machine learning 

approaches to prediction of cancer [3-5].  

These models are, in general, built using microarray data and are known to provide more 

accurate results than models built using classical clinical parameter[6]. Nevertheless, the latter 

still provide good results and thus should not be discarded when trying to build survival outcome 

prediction methods. Different approaches show the efficiency of combining microarray and 

clinical data to provide a more accurate prediction model[7, 8]. These results show that 

heterogeneous data may provide complementary information that combined may provide better 

description about patients or at least about a subset of the patients. Although combining 

microarray and clinical data improves prediction accuracy this improvement is still limited. 

For such a problem where it’s hard to achieve high accuracy some new trend of approaches try to 

focus on giving a prediction only if it assumes that the sample has a high confidence. Friedel 

propose an abstaining classification model that abstains on samples from the dataset where we 

have doubt about the outcome and predict only sample with high confidence[9]. Such algorithms 

provide an improved accuracy and also provide the abstention rate of the suggested model. The 

empirical results shows that abstaining classifiers improve prediction accuracy but abstention 

rate could be high. Another approach aiming to improve the robustness of the result is the one 

proposed by Ferri[10]. This method delegates samples from the dataset that are more likely to be 

badly predicted to another algorithm. This model improves prediction accuracy but in some case 

the improvement could be limited as prediction methods tend to provide similar results on some 

dataset.  

In our case we deal with a dataset where each patient is described by his gene expression profile 

and his clinical profile. We propose an abstaining/delegating method where a first model 

constructed using microarray data predict the outcome on a subset with high confidence and 

delegate the subset with low confidence to the model built using clinical data. This second model 



 

does the same as the first model by predicting the outcome of high confidence patient and 

abstains on the remaining low confidence subset. 

We applied our abstaining/delegating approach to five algorithms: support vector machines[11], 

decision trees[12], rule-based learning[13], naïve Bayes[14] and random forests[15]. Empirical 

results show that our method provide a higher accuracy compared to the use of standard 

algorithm. Compared to the abstaining model the delegation reduces the abstention rate. 

Our general prediction model can be summarized as following: First, we train a classifier in 10-

fold cross-validation using only the gene expression data. The task is to predict a patient’s 5-year 

survival outcome. If the model makes a prediction with a confidence below the threshold X, then 

we do not accept this prediction. The corresponding case is delegated to the second model, which 

relies only on the clinical information. Although the predictions are provided by two different 

sub models, the results are treated as if only one model was applied to one separate validation 

set. This is reasonable as the training set size is only slightly smaller than the size of the original 

set and hence the different models are assumed to agree to a large extent. For investigating the 

effects of interchanging the use of clinical and microarray dataset, we also computed the 

prediction accuracies and abstention rates by using clinical data and delegating the abstained data 

to the second model where microarray data were used.  

In this research work we used two publicly available microarray datasets: the Harvard lung 

cancer dataset [5] and the Michigan lung cancer dataset [3]. These datasets have a different 

number of genes and clinical attributes, but we kept only the attributes and genes common to 

both dataset as described in Berrar et al[16]. Microarray data used here were generated on an 

Affymetrix platform U133A.  

Table 1: Datasets used for the 5-years survival prediction of cancer patients 

 Lung Cancer (Harvard43) Lung Cancer (Michigan93) 

Class distribution 22 (survival) /21(no survival) 26(survival)/ 67(no survival) 

Clinical Data 6 attributes (Age, Sex, T, N, M, Stage) 

Microarray data 3 588 genes 

From the Harvard lung cancer dataset, we used a subset of 43 patients. We selected only those 

patients having clinical and microarray data available and we excluded all patients that were 

censored and whose survival time was shorter than 5 years. In this selection, 22 patients survived 

after 5 years and 21 died before 5 years. Clinical data are age, sex, the TNM stage and the 

summary stage. T describes the primary tumor according to its size and location. N applies to the 

lymph nodes that drain fluid from the area of the tumor and whether the cancer has spread to 

them. M explains whether the cancer has spread to distant areas in the body. TNM stage was 

coded using three attributes, for example the following stage T2M1N0 is coded (2,1,0) in the 

case where we have a stage M1 the corresponding code will be (-1,-1,1) and we converted the 

summary stage in number(IA=1, IB=2, IIA=3, IIB=4, IIIA=5, IIIB=6, IV=7). The expression 

data table contains the transcriptional profile of 3588 genes. In the selection of patients from the 

Michigan dataset, 26 patients survived after 5 years and 67 died before 5 years. Clinical 

parameters selected for the Michigan dataset include age, sex, smoking history, TNM 

classification, tumor stage, survival time in months, and censor index and others. Expression data 

for 3588 genes is available.  Table 1 resumes the data sets used in the present study. 



 

 

Table 2 : Results using Havard Data set 

Harvard Dataset SMO 
Random 

Forests 

naïve 

Bayes 
PART J4.8 

Accuracy (Clinical) 75.0% 77.5% 72.5% 70.0% 67.5% Without 

Abstention Accuracy (Microarray) 72.5% 55.0% 67.5% 52.5% 50.0% 

Accuracy 78.6% 79.5% 93.1% 70.0% 64.9% Abstention 

Clinical Abstention Rate 30.0% 2.5% 27.5% 0.0% 7.5% 

Accuracy 72.5% 55.0% 67.5% 51.3% 50.0% Abstention 

Microarray Abstention Rate 0.0% 0.0% 0.0% 2.5% 0.0% 

Accuracy 77.5% 81.6% 90.0% 75.5% 67.3% Delegation 

(Cli to Micro) Abstention Rate 0.0% 0.0% 0.0% 0.0% 0.0% 

Accuracy 72.5% 55.0% 67.5% 52.5% 50.0% Delegation 

(Micro to Cli) Abstention Rate 0.0% 0.0% 0.0% 0.0% 0.0% 

In the results obtained from the Harvard data set in the case of naïve Bayes, on abstaining at the 

rate of 27.50% we obtain 93.10% accuracy instead of 72.50% accuracy without abstention. 

While delegating although the accuracy decreases to 90.00% but abstention decreases from 

27.50% to nil. In case of Random forests, we obtained 79.49% of accuracy and 2.50% abstention 

rate. On delegation we see that this abstention even vanishes and we obtain 81.63% accuracy. 

We observe a slight increase in accuracy using all algorithms in the Harvard data sets with 

absolutely no abstention after delegation. Table 2 summarizes the results obtained with Harvard 

data set. 

Table 3 : Results for Michigan Data set 

Michigan Dataset SMO 
Random 

Forests 

naïve 

Bayes 
PART J4.8 

Accuracy (Clinical) 62.2% 64.4% 58.9% 64.4% 62.2% Without 

Abstention Accuracy (Microarray) 42.2% 63.3% 67.8% 55.6% 60.0% 

Accuracy 86.4% 62.2% 70.1% 64.5% 63.2% Abstention 

Clinical Abstention Rate 51.1% 8.9% 25.6% 15.6% 15.6% 

Accuracy 41.6% 62.7% 69.4% 55.6% 60.2% Abstention 

Microarray Abstention Rate 1.1% 7.8% 5.6% 0.0% 2.2% 

Accuracy 63.5% 61.1% 67.4% 63.8% 61.4% Delegation 

(Cli to Micro) Abstention Rate 1.2% 1.1% 1.1% 1.2% 2.4% 

Accuracy 42.2% 63.5% 69.8% 56.0% 59.3% Delegation 

(Micro to Cli) Abstention Rate 0.0% 5.6% 1.1% 0.0% 0.0% 

It is also obvious from the results of Michigan data set that using SMO and clinical data in 

abstention model we have 86.36% accuracy and 51.11% abstention rate. Applying naïve Bayes 

and abstaining on clinical dataset we have 70.15% with 25.56% abstention rate. But when we use 

delegation abstention rate decreases to 1.15%. The abstention rates in other cases are also very 

low. 

Our results reflect that when using abstention there is a significant increase in prediction 

accuracy. For instance, while using naïve Bayes in our proposed model with Harvard dataset 

(table 2), prediction accuracy increased from 76.50% to 93.10% with abstention rate of 27.50%. 



 

On delegation, although accuracy decreases to 90.00% but abstention rate is reduced to nil. With 

Michigan dataset, we observe higher accuracies on abstaining especially while using SMO 

algorithm. For example prediction accuracy improved from 62.22% to 86.36%. 

Experimental results demonstrate that as compared to classical machine learning algorithms, the 

use of microarray and clinical data in abstaining-delegating model produces good prediction 

accuracy and reduces the abstention rate. Comparing classical classifiers with delegating and 

abstaining classifiers is still an open issue. For instance we can define a cost matrix as below: 
Table 4 : Cost Matrix 

Predicted Class  

True Class Pp Pn Abstention 

P 0 FN=1 0.5 

N FP=1 0 0.5 (1-0.5) 

In the above cost matrix, we define the cost for misclassification (false negative and false 

positive) equal to 1 and costs for abstention equal to 0.5. Now assume that we have 30 patients in 

our test set and our non-abstaining classifier (i.e., any classical machine learning algorithm) 

makes 7 wrong predictions. Assume that the abstaining classifier abstained on 6 cases and 

misclassifies 3.  

Table 5: Cost Calculation Example 

No of 

Patients 

Non Abstaining 

Classifier 

Abstaining 

Classifier 

Abstaining- Delegating 

Classifier 

30 7 misclassified out of 30 6 abstained 

3 misclassified 

2 abstained 

3 misclassified 

Cost 7x1 = 7 6x0.5 + 3x1 = 6 2x0.5 + 3x1 = 4 

Using the cost scenario presented in table 10 and the example described above, the costs 

calculated in table 5, show that the costs of abstaining classifiers are less than that of non-

abstaining classifiers. If we use delegating-abstaining model, the cost are even less. This implies 

that each time our proposed method reduces cost of prediction. This concept is supported by our 

results because although prediction accuracy does not increase considerably when delegating, in 

every dataset but each time abstention rate decreases considerably 

Table 6 : Result Summary of Model Proposed in our work: Delegating on Clinical and Abstaining to 

Microarray 

 Harvard Dataset Michigan Dataset 

Accuracy Range 67.4% to 90.0% 61.1% to 67.4% 

Abstention Range 00.0% 1.10% to 2.3% 

Table 7 : Result Summary of Model Proposed in our work: Delegating on Microarray and Abstaining to 

Clinical 

 Harvard Dataset Michigan Dataset 

Accuracy Range 50.0% to 72.5% 44.2% to 69.8% 

Abstention Range 00.0% 00.0% to 5.56% 

Analysis of tables 5, 6, 7 shows that as our abstention rates are very low with good prediction 

accuracies and our proposed model produces substantial/encouraging results.  



 

In this research work, we propose a new delegating/abstaining approach that takes advantage of 

multiple sources in order to provide more accurate and more confident system. We analyzed the 

interest of using both delegation and abstention approach to investigate a new way for enhancing 

the performances of data mining algorithms. Empirical results show the importance of this new 

approach in terms of increased prediction accuracy and minimized abstention rates and raise 

questions about the evaluation of this class of methods. More attention should be drawn toward 

the evaluation of these methods. Future works will focus on the analysis of more algorithms and 

evaluate the approach on other dataset. We will also focus on constructing an optimization 

approach for automatically selecting the model that gives the optimal trade-off between high 

accuracy and low abstention rate based on a cost matrix provided by experts.  
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