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Abstract: Prediction of software modules into fault-prone (FP) and not-fault-prone (NFP) 
categories using software metrics allows prioritization of testing resources to fault-prone 
modules for achieving higher reliability growth and cost effectiveness. This paper 
proposes an Artificial Neural Network (ANN) model with use of Sensitivity Analysis 
(SA-ANN) and Principal Component Analysis (PCA-ANN) for dimensionality reduction 
of the prediction problem. In SA-ANN model, a non-linear logarithmic scaling approach 
is used to scale metrics values, which improves quality of ANN training, followed by 
sensitivity analysis to rank and choose top Sensitivity Casual Index (SCI) value metrics. 
In PCA-ANN model, PCA is used for reducing dimensions of the problem and then the 
reduced dimension data is scaled using logarithmic function followed by training and 
prediction by ANN model. Simulations are carried out for four benchmark datasets to 
evaluate and compare the classification accuracy of proposed models with existing 
models. It has been found that non-linear scaling has good effect on predictive capability 
and PCA-ANN model provides higher accuracy than SA-ANN model and some other 
existing models for four datasets. 

Keywords: Artificial neural network, software metrics, scaling function, sensitivity 
analysis, principal component analysis 

1. Introduction 

To achieve high software reliability in lesser time, it is important that testing is prioritized 
based on fault-proneness of modules. Therefore, identification of FP module is important 
which requires an approach similar to fault prediction as fault information is not available 
until testing is not carried out. To predict FP modules, a mathematical model is generally 
used which relates the metrics with software fault-proneness. To achieve better model 
efficiency and accuracy, it is necessary that the important metrics are identified based on 
their relation with module fault-proneness and then some artificial intelligence method is 
used to learn and establish impact of these metrics on module fault-proneness. If the 
number of available metrics becomes too large, then high dimensionality problem occurs 
which may lead to extensive computation and degradation in model performance. All the 
metrics are not found to be equally important for the software FP module prediction. 
Moreover, some redundant information is present in various metrics. Therefore, it is 
important to use most potential metrics with reduction of redundant information to 
achieve better performance from models. 
       ANN has been used for prediction in various areas of software reliability prediction 
and runaway reaction detection in a polyvinyl chloride batch process [1-3].  There exist a 
wide range of statistical and machine learning models in the literature to predict FP and 
NFP modules of software. Statistical techniques such as Discriminant Analysis, Logistic 
Regression, Factor Analysis and Machine Learning techniques such as ANN, Support 
Vector Machines (SVM), Fuzzy logic and many more have been proposed in the literature 
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[4-6]. The correlation existing between software metrics and fault-proneness had been 
studied in many models [7-9]. 
          A machine learning model for selecting the software metrics that are most likely to 
indicate fault-proneness was presented in [10]. Sensitivity analysis was performed on the 
trained ANN to reduce software metrics and SVM and ANN model were developed on the 
reduced data for predicting FP and NFP modules. It was found that SVM had superior 
performance than ANN. The capability of SVM in predicting FP software modules was 
evaluated in [11]. A correlation-based feature selection technique (CFS) was applied to 
select most important software metrics for fault-proneness. A PCA-ANN model, which is 
combination of PCA and ANN for software risk analysis was presented in [12]. The PCA 
was utilized to provide a means of normalizing and orthogonalizing the input data to 
eliminate ill effects of multicolinearity and ANN was used for classification. It was found 
that PCA method improved classification accuracy of ANN model. Selecting an 
appropriate model from various software quality classification models is a difficult 
decision for software project managers. An integrated decision network to combine the 
well-known software quality classification models was presented in [13]. Particle Swarm 
Optimization (PSO) algorithm was used to search for suitable combinations among the 
software quality classification models in the integrated decision network. The 
experimental results showed that this decision network outperformed independent 
software quality classification models. 
      Two challenges such as: high dimensionality of software measurement data and 
skewed or imbalance distribution between FP and NFP modules often come with the 
classification models. Feature selection and data sampling techniques have been used for 
improving the quality of training data. A genetic algorithm based data sampling method 
for improving software quality modeling was presented in [14]. The impact of three data 
sampling techniques on stability of six feature selection methods was studied in [15]. The 
effect of random over sampling, random under sampling, synthetic minority over 
sampling and one-sided selection on four fault-proneness prediction models (Linear 
discriminant analysis, logistic regression analysis, neural network and classification tree) 
was evaluated in [16]. 
          A dimension reduction approach was applied on SVM and ANN models in [17] 
considering four datasets and results showed that it can establish the relation between 
software metrics and module’s fault-proneness. Statistics was used in [18] to correlate 
relations between FP modules and attributes and to predict software FP modules.  Nine 
different software metric reduction techniques were applied on eleven software datasets 
[19]. It was found that reduction methods of software metrics were important to build 
robust prediction models.  
           In this paper, two approaches are studied for selection of software metrics. First a 
sensitivity analysis through proposed ANN model, named as SA-ANN, is studied and then 
principal component analysis is used as a tool for dimension reduction with use of ANN 
model, named as PCA-ANN. In the SA-ANN model, different software metric values are 
scaled using logarithmic function to improve quality of training in ANN. The scaled 
software metrics values are taken as input of ANN and the ANN is trained using back 
propagation learning algorithm. Sensitivity analysis of the trained ANN is performed to 
find out the most important metrics for software FP module prediction. In the PCA-ANN 
model, the original software metrics are transformed using PCA and the transformed data 
are scaled using logarithmic function for better training in ANN. ANN model is applied 
on the reduced data obtained using SA-ANN and PCA-ANN based approach. The 
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proposed approaches are applied on four NASA datasets to study the effect of scaling on 
the prediction accuracy. 
        The remainder of the paper is organized as follows. The proposed methodology is 
presented in Section 2. The result of experiments carried out are discussed in Section 3. 
Finally, Section 4 concludes the paper. 

2. Proposed Dimension Reduction Methodologies 

ANNs are considered as a class of non-parametric and non-linear models. ANNs are used 
to solve binary classification problem. ANN based classification models has a rapid 
training process and simple structure. It learns from experience. It requires no prior 
assumptions about the software development process for modeling. It is also capable of 
inferring complex non-linear input-output transformation. Software FP module prediction 
problem can be solved using ANN, where the software metrics are used as input of ANN. 
The output of ANN is a binary value which represents FP or NFP module. 
 

 
Figure 1: ANN with Single Hidden Layer 

 
In this work, a multilayer perceptron ANN is considered and shown in Figure 1. In Figure 
1, (y1, y2… yd) are the values of ‘d’ number of different software metrics present in a 
dataset. The value of different software metrics are scaled using logarithmic function to 
normalize in range [0, 1]. The output of ANN is denoted by ‘z’ which is a binary value to 
represent FP or NFP module of the software. In the machine learning algorithm, the 
selection of input variables is very important. A large number of input variables increase 
the dimension of the problem which is called course of dimensionality. This is a situation 
where the prediction capability and efficiency of a technique may degrade as the number 
of input variables increases. The input variables in many cases are highly co-related and 
contain redundant information. In this work, two approaches for dimension reduction of 
software metrics are proposed. The proposed SA-ANN and PCA-ANN based dimension 
reduction approach are described in Section 2.1 and Section 2.2 respectively. 

2.1 SA-ANN Dimension Reduction Approach 

There exists a complex relationship between software metrics and fault-proneness. ANN 
is capable of inferring complex non-linear input-output relationship. In this work, inputs 
of ANN are the vector of software metric values. The output is a binary value either 0 or 
1. To improve the behavior of the training process in ANN, all the metrics values are 
normalized to the range [0, 1] using a logarithmic scaling function which is discussed in 
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Section 2.1.1. The ANN model architecture along with sensitivity analysis method used 
for selection of top metrics is described in Section 2.1.2. 

2.1.1 Logarithmic Scaling Function 

The following logarithmic function is used to scale each of the metric values of a dataset: 
                                                         ' log(1 )y By= +                                                        (1) 
      Where, y' is the scaled value of a metric, y is the original metric value and B is the 
scaling constant. 
   Let, y'max is the maximum scaled value of a metric in range [0, 1] and ymax is the 
maximum possible observed value of the metric. From a number of experiments carried 
out for values of y'max in the range [0.1 to 0.9999], prediction accuracy of proposed 
models is found to be consistent and better in the y'max range [0.85 to 0.96]. Therefore, a 
middle value y'max  as  0.90 is considered and corresponding value of the scaling constant 
(B) is: 
 

                                      
'
max max max(exp( ) 1) / 1.46 /B y y y= − =                                        (2) 

2.1.2 Sensitivity Analysis on The Trained ANN 

In-order to eliminate redundant information in the dataset, sensitivity analysis is 
performed on the input variables to find out the variables which are the best for getting 
output.  The dataset is given as 1( , )n

i iy z , where yi∈ Rd   is a vector of software metric 
values of the ith  module and zi is 1 if  ith module is FP otherwise 0. The input vectors are 
given as 1( )n

iy , where yi ∈ Rd, ‘n’ is the number of modules and ‘d’ is the number of 
software metrics. The input vectors are scaled using logarithmic function described in 
Section 2.1.1, which gives modified dataset as '

1( , )n
i iy z . The proposed ANN model, 

described in Figure 1, contains a single hidden layer with four hidden nodes. All the nodes 
use sigmoid activation function in the ANN. The ANN is trained with 80% data of the 
data sets using trainlm back propagation algorithm. Remaining 20% data are used for 
validation purpose.  After the ANN is trained, sensitivity analysis is performed on the 
trained ANN to find out the importance of each software metric in terms of average 
sensitivity causal index (ASCI). The ASCI of each metric over the entire normalized data 
set is calculated by taking ∆=0.1. Sensitivity estimates the rate of change in the output of a 
model as a result of varying the input values, which is used to determine the importance of 
each input variable [20]. The ASCI as per [21] for each input variable ‘j’ is denoted by Sj 
and defined as follows:  

                                 
' '

1
[ ( ( ) ( ))] /

n
j i i ij

i
s abs f Y f Y n

=
= − + ∆∑

                                               
(3) 

where, '( )if Y  is the single output of an ANN and ∆ ij is a small constant added to the jth 

component '
jY of '

iY . The 21 metrics are ranked based on ASCI value. Assuming 25% 
metrics are potential contributors to the output, the top log2 (d) or top 25% metrics are 
selected [22]. In each dataset, 21 different metrics are available which are reduced to top 5 
metrics set (log2d of 21 is 4.3 and 25% of 21 metrics is 5) for each dataset. The reduced 
dataset now becomes ''

1( , )n
i iy z , where ''

iy ∈ Rd′ and d′ < d. In the proposed SA-ANN 
approach, metrics are selected depending upon their individual impact on fault-proneness 
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without considering effect of correlation among them. Therefore, principal component 
analysis (PCA) is considered as an alternate approach for dimension reduction and it is 
discussed in next section. 
2.2   PCA-ANN Dimension Reduction Approach 

PCA is one among popular approaches for dimension reduction. It is a method to reduce 
number of independent variables to a fewer set having majority of variances in the 
original features. PCA transforms the original correlated variables into a new set of 
principal components that are uncorrelated with each other. In proposed approach, the 
software metrics are transformed into a new dimension using PCA approach. Then, the 
transformed data is scaled using logarithmic function described in Section 2.1.1. The 
transformed data may contain negative values. During scaling, logarithmic function 
cannot handle the data properly. Therefore, a constant bias equal to maximum negative 
value is subtracted from the transformed data along each dimension. Then, the logarithmic 
scaling function is applied. The steps for performing dimension reduction using PCA are 
given in Algorithm 1. 
 
Algorithm 1: Steps of PCA Based Dimension Reduction Approach 
Input :     Software Metrics Values 
Output :  Transformed Software Metrics Values in range [0, 1] 
1. Transform software metrics values into a matrix A0, rows representing module and 

columns software metrics. 
2. Obtain matrix B0by normalizing matrix A0 to zero mean and unit variance. 
3. Calculate correlation matrix C0from matrix B0. 
4. Determine eigenvalues and corresponding eigenvectors for matrix C0. 
5. Sort eigenvalues and corresponding eigenvectors in decreasing order giving 

principal components (PCs) in decreasing order of variances. 
6. Determine p number of top PCs contributing total 95% of the variance. It forms 

matrix D0. 
7. Calculate transformed data matrix E0 as:  [E0] = [B0]×[D0] 
8. Determine Bias as maximum negative value along each dimension of matrix E0 and 

subtract it from all values of corresponding dimension. 
9. Apply logarithmic scaling function described in Section 2.1.1 along each dimension 

of E0. 

3. Results and Discussion 

The proposed SA-ANN and PCA-ANN approaches are applied on four publicly available 
datasets (CM1, PC1, KC1 and KC2) described in [11] to evaluate the prediction 
performance of the proposed approaches. Each dataset has 21 independent variables 
which are the different metrics (see Table1) and one dependent variable as FP or NFP 
module. 
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Table 1: Metrics used in the Data Sets 

Symbol Description Symbol Description Symbol Description 
LOC  McCabe’s line count of 

code  
d  Halstead difficulty  total-op  total operators  

V(g)  McCabe’s cyclomatic 
complexity  

i  Halstead 
intelligence  

uniq-op  unique operators  

V  Halstead volume  e  Halstead effort  uniq-opnd unique operands  
iv(g)  McCabe’s design 

complexity  
b  Halstead error 

estimate  
LoComment Halstead count of lines 

of comments  
ev(g)  McCabe’s essential 

complexity  
t  Halstead time 

estimator  
LoCodeAnd
Comment 

Halstead line count and 
line of comments count  

L  Halstead program length  LoCode Halstead line count  total-opnd total operands  
n  Halstead total operators 

and operands  
LoBlank Halstead count of 

blank lines  
branch-count  total number of 

branches  
 
     The proposed SA-ANN dimension reduction process is applied on four datasets 
described above and the average change in the absolute value of the ANN’s output in 
response to each of the metric values, average sensitivity causal index (ASCI), is 
calculated as described in Section 2.1.2. The top five metrics having higher ASCI values 
are selected for all datasets and shown in Table 2. 

Table 2: Metrics selected in Datasets 
Data Set Selected Metrics Data Set Selected Metrics 

CM1 L,  uniq-opnd, total-opnd, V,  ev(g) KC1 uniq-op, LoComment, L, ev(g), d 
PC1 i, uniq-op, LoCodeAndComment, L, uniq-opnd KC2 LoBlank,  LoComment,  ev(g), total-opnd, i 

        The reduced data set for CM1, PC1, KC1 and KC2 now becomes '' 496( , )i iy z ,
'' 1107( , )i iy z , '' 2107( , )i iy z and '' 522( , )i iy z respectively, where ''

iy ∈ R5. The proposed PCA 
based dimension reduction approach is applied on four dataset using Algorithm1 
described in Section 2.2. The first seven, eight, seven and five PCs are selected for CM1, 
PC1, KC1 and KC2 dataset respectively as they contribute at least 95% variation of the 
total dataset. Using the PCs, the original datasets are transformed to a new reduced 
dimension. The transformed data for CM1, PC1, KC1 and KC2 nowbecomes '' 496( , )i iy z ,

'' 1107( , )i iy z , '' 2107( , )i iy z , '' 522( , )i iy z where ''
iy '∈R7, ''

iy '∈R8, ''
iy '∈R7 and ''

iy ∈R5 

respectively. It is found that, the transformed data contains negative values for some 
dimensions. So, Bias is calculated along each dimension and subtracted from respective 
dimension to convert negative values into positive values. Then the data points are scaled 
using logarithmic function described in Section 2.1.1.  
         The selected metrics found in SA-ANN approaches are taken as input of different 
classification models such as ANN, Logistic Regression (LR), Naive Bays (NB), Random 
Forests (RF), Radial Basis Function (RBF) and Support Vector Machines (SVM) and 
reduced transformed data obtained  using PCA based dimension reduction approach is 
taken as input of ANN. The experiments are performed on the machine learning WEKA 
(Waikato environment for knowledge analysis) Toolkit. The parameters of different 
models on WEKA toolkit are initialized as per [10]. A fixed ANN with four hidden 
neurons is considered in the proposed approach. 
         Threshold output value of 0.5 is considered. If predicted output is higher than 
threshold, then the module is considered as FP. A 10-fold cross-validation is used to 
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evaluate performance of the proposed approaches in order to reduce sample bias [23]. The 
cross-validation process is run 30 times using different random seed values. The mean 
results of the 30 runs are reported for all the datasets in this work. 
       Four commonly used criteria such as Accuracy, Precision, Recall and F-measure are 
used to evaluate the prediction performance of proposed approaches [17]. These measures 
are calculated as follows: 
 

TP TNAccuracy
TP TN FP FN

+
=

+ + +
;    Pr TNecision

TN FN
=

+
;      Re TPcall

TP FN
=

+
2*Pr *Re

Pr Re
ecision callF measure

ecision call
− =

+
 

        where, TP and FN are number of actual FP modules predicted as FP and NFP 
respectively. Similarly, TN and FP are number of actual NFP modules predicted as NFP 
and FP respectively.  Accuracy is the correct prediction rate which is defined as the ratio 
of number of modules correctly classified to the number of modules. Precision is 
correctness which is defined as the ratio of number of modules correctly predicted as non-
fault-prone to the total number of modules predicted as non-fault-prone.  Recall is the 
fault-detection rate which is defined as the ratio of number of modules predicted as fault-
prone to the total number of modules that are actually fault-prone. F-measure is the 
harmonic mean of precision and recall to give equally importance to both of them. 
        The predictive measures of these models using proposed approaches are compared 
with results reported in [17] and [11]. Table 3-4show the prediction performance 
measures of CM1, PC1, KC1 and KC2 dataset respectively. 

Table 3: Prediction Performance Measures: CM1 and PC1 

Prediction model CM1 PC1 
Accuracy Precision Recall F-measure Accuracy Precision Recall F-measure 

PCA-ANNapproach 91.81 90.87 99.79 0.951 94.11 94.83 99.51 0.971 
SA-ANN approach 
ANN 89.56 90.10 99.30 0.945 93.83 93.50 99.70 0.965 
LR 89.36 90.20 98.90 0.943 93.27 93.60 99.20 0.963 
NB 85.94 92.20 92.20 0.922 89.73 94.94 93.40 0.942 
RF 88.75 90.30 98.00 0.940 93.06 94.30 98.40 0.963 
RBF 89.76 90.10 99.60 0.946 93.06 93.10 99.60 0.962 
SVM 90.36 90.50 99.80 0.950 93.24 93.70 99.40 0.965 
Existing models          
SFPM  [17 ] 91.17 - - 0.951 94.03 - - 0.961 
MLP [11] 89.32 90.75 98.20 0.943 93.59 94.20 99.23 0.966 
LR [11] 90.17 91.10 98.78 0.948 93.19 93.77 99.28 0.964 
NB [11] 86.74 92.49 92.90 0.926 89.21 94.95 93.40 0.941 
RF [11] 88.62 90.93 97.10 0.939 93.66 95.15 98.21 0.967 
RBF [11] 89.91 90.32 99.49 0.947 92.84 93.40 99.34 0.967 
SVM [11] 90.69 90.66 99.89 0.951 93.10 93.53 99.47 0.964 

From Tables 3-4, observed prediction accuracy order for CM1, PC1 and KC1 datasets is: 
PCA-ANN approach > SFPM [17] > SA-ANN approach and prediction accuracy order for 
KC2 dataset is:  PCA-ANN approach > SA-ANN approach. 
       Another experiment is conducted five times on the reduced KC2 dataset using various 
classification models with Train/Test percentage of data is chosen as 20/80, 40/60, 50/50, 
60/40 and 80/20. Each model’s accuracy is calculated as the overall average accuracy 
obtained from five different experiments and shown in Table 5. It is found that proposed 
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PCA-ANN approach has higher accuracy than proposed SA-ANN approach and results 
reported in [24-26].  

Table 4: Prediction Performance Measures: KC1 and KC2 

Prediction model 
KC1 KC2 

Accuracy Precision Recall F-measure Accuracy Precision Recall F-measure 

PCA-ANNapproach 87.85 89.27 97.30 0.931 85.68 88.51 96.73 0.924 
SA-ANN approach 
ANN 85.72 87.10 96.90 0.917 82.18 85.90 92.80 0.892 
LR 85.63 86.70 98.00 0.920 84.29 86.00 95.90 0.907 
NB 82.46 88.70 90.80 0.897 83.14 86.10 94.00 0.899 
RF 85.35 88.20 94.10 0.911 82.57 86.70 92.30 0.894 
RBF 85.21 86.60 97.60 0.918 79.88 83.10 93.70 0.881 
SVM 85.16 86.20 98.10 0.918 78.93 79.50 99.00 0.882 
Existing models          
SFPM  [17 ] 87.74 - - 0.909     
MLP [11] 85.68 86.75 98.07 0.921     
LR [11] 85.55 87.08 97.38 0.919     
NB [11] 82.86 88.59 91.53 0.900     
RF [11] 85.20 88.12 95.38 0.916     
RBF [11] 84.81 85.81 98.31 0.916     
SVM [11] 84.59 84.95 99.40 0.916     

 
Table 5: Performance Comparison of KC2 Dataset 

Prediction model Accuracy Prediction model Accuracy 
SA-ANN approach  PCA-ANN approach 85.18 
ANN 83.43 Existing models  
LR 84.63 Catal  [24 ] 82.22 
NB 83.82 Kumar [25 ] 81.72 
RF 82.56 Kumar [26 ] 84.36 
RBF 84.33   
SVM 78.67   

 
CFS technique is used for selecting metrics in [11] and different ANN architectures were 
used for different datasets. In the proposed SA-ANN approach, same ANN architecture is 
used for all datasets and important metrics are selected based upon their relative impact on 
fault proneness. The prediction accuracy results are found to be similar to [11]. In [17], 
ANN was used for metrics selection and its architecture was optimized giving different 
ANN architecture for different datasets. The impact of individual metrics on fault-
proneness was considered and correlation among the metrics was not considered. They 
reported better accuracies than proposed SA-ANN approach.  
            In the proposed PCA-ANN approach, the correlation existing between metrics are 
studied through Principal Component Analysis and redundant information present within 
metrics are eliminated through transformation of original dataset into lower dimension 
dataset. The logarithmic scaling of reduced data has the capability to normalize data for 
better training in ANN. The proposed PCA-ANN architecture uses same fixed architecture 
for all datasets and found to be providing higher accuracy than existing models. The 
proposed approach has advantage of utilizing a fix and simple ANN architecture. An 
average user who has less analyst capability of any optimization technique can apply the 
proposed approaches on his data sets and achieve good accuracy. The proposed 
approaches are applicable to any dataset. These save time and expertise requirements due 
to its fix architecture and defined approach. The proposed approaches have similar 
predictive performance in terms of accuracy for all the datasets. The proposed approaches 
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may not give highest accuracy compared to all other approaches specifically designed and 
applied for the individual dataset. However, it is general in nature. It can be applied for 
the applications requiring less accuracy but faster results. To meet higher accuracy 
requirement, ANN architecture need to be experimented and further optimized. 

4. Conclusion 

This paper presents two approaches, ANN with sensitivity analysis (SA-ANN) and ANN 
with PCA (PCA-ANN), for dimension reduction of input space for classification of 
software modules as fault-prone and not-fault-prone. Both approaches are applied on 
various NASA datasets. It is found that PCA-ANN based approach has highest accuracy 
than SA-ANN based approach and some other models existing in literature. SA-ANN 
approach provides almost similar prediction accuracy as some other existing models. 
         The proposed approaches use a fixed ANN architecture which do not consider any 
optimization technique to find ANN architecture. Applications of optimization techniques, 
like genetics algorithm and particle swarm optimization, require data along with 
experience and expertise in formulating criteria. The proposed approaches are simple and 
can be applied efficiently and easily providing good accuracy. 
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