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Software reliability growth models (SRGMs) are very important for estimating and 

predicting software reliability. However, because the assumptions of traditional parame-
tric SRGMs (PSRMs) are usually not consistent with the real conditions, the applicabil-
ity and prediction accuracy of PSRMs are hence not very satisfying in most cases. In 
contrast to PSRMs, the non-parametric SRGMs (NPSRMs) which use machine learning 
(ML) techniques, such as artificial neural networks (ANN), support vector machine 
(SVM) and genetic programming (GP), for reliability modeling by mining failure data 
without any assumptions, can provide better prediction results across various projects. 
Gene Expression Programming (GEP) which is a new evolutionary algorithm based on 
Genetic algorithm (GA) and GP, has been acknowledged as a powerful ML and widely 
used in the field of data mining. Thus, we apply GEP into non-parametric software relia-
bility modeling in this paper due to its unique and pretty characters, such as genetic en-
coding method, translation process of chromosomes. This new GEP-based modeling ap-
proach considers some important characters of reliability modeling in several main 
components of GEP, i.e. function set, terminal criteria, fitness function, and then obtains 
the final NPSRM (GEP-NPSRM) by training on failure data. Finally, on several real 
failure data-sets based on time or coverage, five case studies are proposed by respective-
ly comparing GEP-NPSRM with several representative PSRMs, NPSRMs based on 
ANN, SVM and GP, and fault detection models based on coverage (Coverage-FDM) in 
the form of fitting and prediction power which show that compared with the comparison 
models, the GEP-NPSRM has well applicability and provides a significantly better pow-
er of reliability fitting and prediction. In other words, the GEP is promising and effective 
for reliability modeling. So far as we know, it is the first time that GEP is applied into 
constructing NPSRM and Coverage-FDM. 
 
Keywords: software reliability modeling, gene express programming, non-parametric 
model, machine learning, software reliability 
 
 

1. INTRODUCTION 
 

Software reliability is a very important customer oriented character of software qual-
ity and can be defined as the probability of failure-free software operation for a special 
period of time in a special usage environment [1]. As the main means for reliability esti-
mation and prediction during software development and operation process, many soft-
ware reliability growth models (SRGMs) have been proposed over the past 30 years and 
successfully applied into the development process of various types of safety-critical soft-
ware. SRGMs use the failure data collected in testing process to estimate and predict the 
failure occurrences in the operational phase as well as to provide useful decision-making 
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information to project manager for effectively improving the reliability level and devel-
opment process of software products [2]. 

According to the difference between modeling theory, most SRGMs can be classi-
fied into two categories [3]:  

1) Parametric SRGM (PSRM). PSRMs are generally based on several assumptions 
on the nature of software faults and the stochastic behavior of testing process [5], and use 
some statistical theory (such as NHPP) to obtain the corresponding analytical models. 
The PSRMs have explicit expressions form and physical interpretation, and thus can be 
easily understood and used [4]. The well-known Jelinski-Moranda (JM) model and 
Goel-Okumoto (GO) model are two representative PSRMs. However, because the as-
sumptions of PSRMs are usually not consistent with the real conditions, the applicability 
and prediction accuracy of PSRMs can’t keep satisfactory all the time across various 
projects.  

2) Non-parametric data-driven SRGM (NPSRM). NPSRMs utilize some machine 
learning (ML) techniques for modeling the inherent patterns of failure process, and then 
obtain estimation and prediction results of software reliability. Because NPSRMs don’t 
require any prior assumptions and directly discover functions only by mining the failure 
data-set, they usually have pretty adaptive and self-learning performance and thus im-
prove the applicability and prediction accuracy compared with PSRMs [5, 6]. Therefore, 
the researchers paid much attention to NPSRMs and have proposed many diverse model-
ing approaches for NPSRMs in recent years based on several ML techniques, such as 
artificial neural networks (ANN) [3, 6~15], support vector machine (SVM) [5, 16~21] 
and genetic programming (GP) [4, 22~23]. Obviously, the applicability and prediction 
accuracy of NPSRMs are heavily determined by the study power and application strategy 
of the used ML techniques. Thus, applying new and powerful ML techniques to obtain or 
improve NPSRMs is promising and meaningful for the research on reliability modeling. 

Gene Express Programming (GEP) proposed by Ferreira [24] is a new evolutionary 
algorithm as the extension of genetic algorithm (GA) and GP in order to combine their 
advantageous features and overcome some limitations of them. Compared with GA and 
GP, GEP has the following unique characters [24~27]: 1) the chromosomes (candidate 
solution) are encoded as linear strings of fixed length which are afterwards directly trans-
lated into an expression tree (ET, the actual candidate solution) with no ambiguity; 2) It 
separates genotype (linear chromosomes) from phenotype (ET) which was one of the 
greatest limitations of GA and GP; 3) In GEP, genetic operators are applied on the chro-
mosomes, not directly on ET. This reproduction method together with the encoding me-
thod and translation process of chromosomes, allows the unconstrained genetic modifica-
tions which always result in producing valid expression trees. On account of these cha-
racters, GEP outperforms GP by two to four orders of magnitude in terms of convergence 
speed [26] for solving complex modeling and optimization problems (such as, symbolic 
regression and function discovering), and thus has been applied into various engineering 
fields [27~29].  

Thus, we suggest that GEP should be very suitable for the non-parametric software 
reliability modeling due to its unique and powerful characters for function discovering 
without any prior knowledge or assumptions. In this paper, we propose a new 
non-parametric reliability modeling approach based on GEP. This GEP-based modeling 
approach considers some important characters of software reliability modeling in several 
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main components of GEP such as the function set, fitness function and terminal criteria, 
to obtain the final NPSRM (GEP-NPSRM). Finally, on several real failure data-sets, we 
compare the GEP-NPSRM with several representative PSRMs and NPSRMs based on 
ANN, SVM and GP to validate its efficiency and applicability. Furthermore, we also ap-
ply GEP into modeling the fault prediction models based on test coverage (Cover-
age-FDMs) which are also very important because they are independent of the operation 
profile [23], and also compare the GEP-based Coverage-FDM with several existing Cov-
erage-FDMs. So far as we know, it is the first time that GEP is applied into modeling 
NPSRMs as well as Coverage-FDMs. 

The rest of this paper is organized as follows: Section 2 introduces some related 
works of NPSRMs. Section 3 introduces the GEP algorithm and proposes the 
non-parametric software reliability modeling approach based on GEP. Section 4 presents 
five case studies and discusses the results. Section 5 concludes this paper. 

2. RELATED WORKS 

Several ML techniques such as ANN, SVM and GP, have been successfully applied 
for modeling NPSRMs.  

1. ANN-NPSRMs 
Karunanithi [7] first applied ANN to predict software reliability with different con-

figurations (such as, feed forward network, recurrent network), various training regimes 
and data representation methods. Then, Sitte [8] compared ANN-NPSRM with parame-
tric recalibration on several data-sets to validate its effectiveness. Aljahdali [13] used the 
feed forward network in which the number of neurons in the input layer represents the 
number of delay in the input data. Cai [9] proposed a new ANN-NPSRM based on the 
neural back-propagation network and examined the performance of ANN architectures 
with various numbers of input nodes and hidden nodes. Ho [10] used a modified Elman 
recurrent network for reliability modeling and studied the effects of different feedback 
weights in the proposed model. Tian [11] proposed an evolutionary ANN-NPSRM based 
on the multiple-delayed-input single-output architecture and used GA to optimize the 
numbers of input nodes and hidden nodes. Zheng [12] used the ensemble of neural net-
works to modeling NPSRMs and Su [14] used the neural network approach to combine 
various SRGMs into a dynamic weighted combinational model. Emad [15] presented the 
functional networks as a new framework for non-parametric modeling. The above re-
searches all show that ANN can model NPSRMs with varying complexity and adaptabil-
ity for various failure data-sets.  

2. SVM-NPSRMs 
Besides ANN, many researches have applied SVM into reliability modeling and 

shown that SVM-NPSRMs also have well generalization capability of reliability predic-
tion due to the structural risk minimization principle of SVM. Tian [21] proposed a 
SVM-NPSRM for reliability prediction and compared the new model with some 
ANN-NPSRMs. Pai [16] used the simulated annealing to optimize the parameters of the 
proposed SVM-NPSRMs (SVMSA). Xing [18] applied SVM for early software quality 
prediction. Literatures [19~20] applied SVM for system reliability modeling. Yang [17] 
proposed a SVM-NPSRM (DDSVM) and discussed the issues about failure data selection 
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and parameter optimization. Based on [17], Yang [5] proposed a generic SVM-NPSRM 
(SVMGA) by relaxing some unrealistic assumptions and using GA to optimize model 
parameters. 

 3. GP-NPSRMs 
Costa suggested that ANN-NPSRMs are not easily interpreted [4] and thus proposed 

to apply GP into reliability modeling due to its powerful search efficiency. Costa [22] 
first applied GP into reliability modeling (GP-model) and compared this model with 
ANN-NPSRM. In [23], Costa introduced AdaBoosting technique into GP-model and the 
modified model (GPB-model) significantly improves the prediction power of GP-model. 
Furthermore, Costa [4] proposed a new GP-NPSRM (( λµ + ) GP-model) based on a 
new GP based approach. Compared with GPB-model, this new model has the same pre-
diction performance with lower computational cost. The obtained results of [4, 22~23] 
shown that compared with the traditional PSRMs and ANN-NPSRMs, GP-NPSRMs 
adapt better to the reliability curve and can be used in projects with different characteris-
tics. 

3. The Non-parametric software reliability modeling approach by GEP 

 
3.1 An overview of GEP algorithm 
 

A complete GEP algorithm can be defined as the following 9-tuple: 

0{ , , , , , , , , }GEP C E P M T= Φ Γ Ψ Π                    (1) 
where C is encoding method of chromosomes; E is fitness evaluate function; P0 is initial 
population; M is population size; Φ is selection and replication operator; Γ is recom-
bination operator; Ψ is mutation operator; Π is transposition operator; T is termination 
criterion. 

The flowchart of GEP is shown in Fig.1. According to Fig.1, we summarize the main 
steps of GEP here [26~27]: 

Input: The control parameter settings for GEP (such as population size, recombina-
tion rate, transposition rate and so forth) and the training data-set. 

Step1: Creating initial population P0 which contains several individuals representing 
different candidate solutions. The individual, i.e. chromosome, is composed of one or 
more genes by the linking function with a fixed length. Each gene can be divided into a 
head composed of the function set (composed of some functions, i.e. +, -, *, /) and the 
terminal set (composed of some variables or constants), and a tail composed only of the 
terminal set. 

Step2: Encoding chromosomes. In GEP, the chromosome can be represented by a 
fixed-length of linear character strings and afterwards translated into expression trees (ET) 
following a width-first fashion with different sizes and shapes when evaluating their fit-
ness. The translation process starts from the first position in the string which corresponds 
to the root of the ET and reads through the string one-by-one from left to right for encod-
ing the symbols in string into the nodes of ET. This tree expanding process continues 
layer-by-layer until all leaf nodes in ET are composed of elements  
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Fig. 1. The flowchart of GEP 

from the terminal set. The reverse process that encoding the ET into a mathematical ex-
pression, implies reading the ET from left to right and from top to bottom. The details can 
be seen in [26~27]. 

Step3: Fitness evaluation. The fitness of each individual can be calculated by fitness 
evaluation function E (i.e. the fitness results of the mathematical expression correspond-
ing to this individual on training data). If the termination criterion T (achieving the de-
sired fitness or producing a given number of generations) is not satisfied, turning to Step 
4. Otherwise stopping iteration and turning to the Output. 

Step4: Creating new generation by selection and genetic operators. The chromosome 
is selected according to its fitness by the roulette-wheel method coupled with elitism. The 
roulette-wheel method allows the fitter chromosome to have a higher probability of pro-
ducing offspring. Elitism allows the best chromosome is replicated unchanged into the 
next generation, preserving the best material from one generation to another. Then the 
selected chromosomes are modified with three classes of genetic operators for creating 
new generation, i.e., mutation, (IS, RIS, Gene) transposition, and (one-point, two-point, 
gene) recombination. Especially transposition operators are only used in GEP in contrast 
with GA and GP. Turning to Step 2 for a new iterative process.  

Output: Encoding the fittest chromosome to produce the optimal solution g(x) in the 
form required by the problem as it was developed by the GEP algorithm. 
 
3.2 Software reliability modeling based on GEP 
 

In this study, we introduce how to use GEP to extract the required non-parametric 
SRGM (i.e. GEP-NPSRM) from training failure data-set. There are five important com-
ponents (i.e. the function set, terminal set, fitness function, control parameters and termi-
nation criterion) must be determined before using GEP. Thus, based on the general GEP 
algorithm introduced in 3.1, the GEP-based non-parametric software reliability modeling 
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approach is given here by considering some characters of reliability modeling into the 
above five components. 

Input: 
1. Control parameters of GEP. Because the data number of failure data-set is usually 

smaller than 1000 and the varying trend of failures with time is not very complex, we 
suggest that reliability modeling belongs to an ordinary problem of data mining. Thus, in 
this paper, we set the control parameters of GEP shown in Tab.1 according to the rec-
ommendation of [25, 30] and don’t give any additional comments to this settings in 
Tab.1. 

Table 1 The settings of control parameters of GEP 
Population size 30 

Head length 6 
Number of Genes 3 

One-point recombination rate 0.3 
Two-point recombination rate 0.3 

Gene recombination rate 0.1 
Gene transposition rate 0.1 

Mutation rate 0.044 
Inversion rate 0.1 

IS Transposition  0.1 
RIS Transposition  0.1 
Linking function + 

2. The training failure data-set D0 which can be generally shown as two input forms 
(t1, m1)...(tj, mj)...(tn, mn) or (m1, t1)... (mj, tj)...(mn, tn), where n is data number of D0, mj is 
cumulated faults, t is failure time (interval time or cumulated time). If the form of 
NPSRM is shown as the cumulated fault with time M(t), the former input form is used. If 
the form of NPSRM is shown as the time with cumulated faults T(m), the latter input form 
is used.  

Data Pre-process 
Because of the complexity and uncertainty of testing process, the initial failure da-

ta-set unavoidably contains much noise which may affect the prediction accuracy of 
SRGM. Thus before reliability modeling, the initial failure data-set should be 
pre-processed first.  

If the time data t in D0 is recorded as the interval time, it should be converted to the 
cumulated time which may present a smoother curve shown in Fig.2 (the failure data-set 
is SYS1 [1]) and eliminate the noise more effectively compared with the interval time. 
Furthermore, we also recommend using several denoising methods, such as K-order 
moving average (recommended in [4]) or exponential smoothing, for data pre-processing. 

Modeling Process 
Step1: The initial population P0 can be created by some initialization strategy (such 

as random initialization). If P0 has the dominant characters, i.e. the genes are more diver-
sified and suitable for the modeling object, the evolutional efficiency and the modeling 
quality can be effectively improved. Thus, for creating P0 with dominant characters, in 
this paper, we recommended several elementary functions as the elements  
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Fig. 2. The interval and cumulated curves of SYS1 

of function set Fs, which are frequently used for software reliability modeling and shown 
as follows: 

                 Fs={+,—,/,*,exp(x),Sqrt,Log}                       (2) 
For further validating that the function set Fs shown in Eq.2 is indeed suitable for 

non-parametric reliability modeling, in section 4.1, we also compare the Fs with the fol-
lowing function set Fs’ shown in Eq.3 which is also composed of several general ele-
mentary functions. 

Fs’={+,—,/,*,10x,sin,cos}                          (3) 
In the same way, because the GEP-NPSRM is used for reliability estimation and 

prediction, we recommend that the terminal set is compound by the failure time or the 
number of cumulated faults [4] in the training data-set and the random constant between 0 
and 9. 

Step2: Encoding chromosomes. 
Step3: Fitness evaluation. The fitness function used to evaluate the fitness of chro-

mosomes can guide the evolution process for finding the optimal solutions. The form of 
fitness function heavily depends on the type of problem. Thus, we recommend the fol-
lowing two fitness functions which are usually used as the comparison criteria of fitting or 
prediction power of SRGMs.  

1. Mean Squared Error (MSE): 

( )2'

1

1 n

i i
i

MSE y y
n =

= −∑                          (4) 

2. R-Square: 

( )

( )
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1
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1

1

n

i i
i
n
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i

y y
R

y y

=

=

−
= −

−

∑

∑
                        (5) 

where yi is the observed data, yi’ is the fitting data, yave is the average value of yi. Ob-
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viously, the value of MSE is the smaller or R-Square is closer to 1, the fitness of chro-
mosome is the better. 

Step4: If the current fitness of chromosome doesn’t satisfy the terminal criterion T, 
turning to Step 5. Otherwise stopping iteration and turning to the Output. We recommend 
the following three forms of the terminal criterion T: 1) the fitness of chromosome 
achieves the required value; 2) the evolution process achieves a required number of gen-
erations; 3) the value of fitness has no change during the give number of generations. 

Step5: Creating new generation by selection and a series of genetic operators. 
Step6: Turning to Step 2 for a new iterative process. 
Output: The required GEP-NPSRM satisfying the terminal criterion T: M(t) or 

T(m). 

4. Case Study 

 
For validating the effectiveness and applicability of GEP-NPSRM in the form of re-

liability estimation and prediction, we compare it with several existing SRGMs which 
have been widely cited by many researchers or are the representative and recent re-
searches in the field of software reliability modeling, such as PSRMs, ANN-, SVM-, 
GP-NPSRMs, and Coverage-FDMs, on several real failure data-sets based on time and 
coverage which are popular and frequently used as the benchmark for the comparison of 
SRGMs. For the convenience of comparing GEP-NPSRM with the comparison models, 
the failure data-sets, comparison criteria, and the size of the training data in data-sets, 
which are used in the study 2~4 are all the same with the ones in the corresponding lite-
ratures. Moreover, in the study 2~4, the fitting and prediction results of ANN-, SVM-, 
and GP-NPSRMs are all directly obtained from the corresponding literatures. 

The GeneXproTools 4.0 [30] which was developed by Ferreira is used for imple-
menting GEP in this paper. The control parameters used to configure GeneXproTools are 
presented in Tab.1. The selected function set is shown as Eq.2 and the selected fitness 
function is MSE (shown in Eq.4). If there is no especial explanation, the interval time 
data of failure data-sets in this study is converted to the cumulated time data first for fur-
ther modeling. 

On each failure data-set, we apply the GEP algorithm 20 times for modeling and 
obtaining 20 GEP-NPSRMs. Then the GEP-NPSRM which has the best fitting power is 
selected for comparison on this data-set. The terminal criterion T in each study is deter-
mined as: If the fitness (MSE) of chromosome achieves the required value, the evolution 
process is stopped. Else if the fitness value has no change during the given number 
(50000) of generations, the evolution process is stopped. Else if the total number of gen-
erations achieves the given value (200000), the evolution process is stopped. 
 
4.1 Study 1: GEP-NPSRM vs. PSRM 
 

1. Description of Study 1 
1) Thirteen NHPP PSRMs are selected for comparison, namely Goel-Okumoto (GO) 

[2], Delayed S-shaped (DS) [2], Inflection S-shaped (IS) [2], Yamada Weibull (YW) [32], 
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Yamada Rayleigh (YR) [32], Generalized GO (GGO) [32], Yamada Imperfect Debug-
ging 1 & 2 (YID 1 & YID 2) [31], Ohba Imperfect Debugging (OID) [32], P-Z Imperfect 
Debugging Coverage (PNCZ) [33], P-Z Imperfect Debugging (PNZ) [33], Log-Logistic 
Coverage (LL) [33], Logistic test coverage (LTCS) [34]. 

2) Five real failure data-sets are selected, namely ‘ATT [16]’, ‘Ohba [35]’, ‘Wood 
[35]’, ‘SYS1 [1]’ and ‘S5 [36]’. The whole of each data-set is used as the training set and 
for calculating the fitting result. 

3) Three criteria are selected for comparing the fitting performance of SRGMs re-
spectively, namely MSE, R-Square, and the average error [14] (AE, shown in Eq.6): 

'

1

1
100

n
j j

j j

y y
AE

n y=

−
= ×∑                             (6) 

The value of MSE or AE is the smaller, and the value of R-Square is closer to 1, the 
fitting power is the better. 

4) This study uses two forms of GEP-NPSRM for comparison, i.e. GEP(1) modeled 
by the function set Fs (shown in Eq.2) and GEP(2) modeled by the function set Fs’ 
(shown in Eq.3). 

5) Because the forms of these thirteen NHPP PSRMs are all M(t), the output form of 
GEP-NPSRM in this study is also M(t). Correspondingly, the input form of these five 
failure data-sets is (t1, m1)...(tj, mj)...(tn, mn). 

2. Comparison of fitting performance 
1) The fitting results (i.e. the values of MSE, R-Square and AE) of the two 

GEP-NPSRMs and thirteen NHPP PSRMs on five failure data-sets are shown in Tab.2 
respectively. The bold number indicates the best fitting result in this column.  

2) From Tab.2, on each data-sets, the fitting results of GEP(1) are nearly all better 
(i.e. the values of AE and MSE are both smaller and the value of R-square is more close 
to 1) than GEP(2). Only on the data-set ‘S5’, the AE value of GEP(1) is a little larger 
than GEP(2). Therefore, it shows that GEP(1) indeed has better fitting power and appli-
cability than GEP(2). In other words, the function set Fs is more suitable for 
non-parametric reliability modeling than the function set Fs’ in this paper. The underlying 
reason may be that some elements of function set Fs’, i.e. {10x,sin,cos} are not suitable 
for reliability modeling, Thus, the function set Fs will be used for obtaining the 
GEP-NPSRM in this paper. 

3) From Tab.2, on the five failure data-sets, the fitting results of GEP-NPSRM are 
all nearly better than the ones of the thirteen PSRMs. Especially, several fitting results are 
significantly better than the other PSRMs, such as the MSE value (44.85) on ‘Ohba’, and 
the AE value (10.3) on ‘ATT’. Only on ‘SYS1’, the MSE value of GEP-NPSRM is a 
little larger than the GGO, but still smaller than the other twelve PSRMs.  

To sum up, according to the above analysis, since the GEP-NPSRM nearly yields 
the best fitting results across each failure data-set, we conclude that compared with the 
traditional PSRMs, the fitting power and the applicability of GEP-NPSRM are signifi-
cantly better. 

 
4.2 Study 2: GEP-NPSRM vs. ANN-NPSRM 
 

Table 2 The fitting results of GEP-NPSRM and PSRMs 
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Notes: 1) The number in bracket in the first row s the size of this data-set; 2) The bold number is the best result 
in this column; 3) ‘---’ means this result is unreasonable or significantly worse than the other results in this 
column. 

1. Description of Study 2 
1) The FunNets model proposed in [15] is selected as the major comparison 

ANN-NPSRM in this study. Meanwhile, the multiple regression (MR), feed forward 
neural networks (FFN) [13], and SVM [16] are also selected for the incidental compari-
son models.  

2) Two real failure data-sets are selected, i.e. ‘ATT’ and ‘SYS1’. For the conveni-
ence of comparing with the results of [15], we use 70% of each data-set for training, 
while the remaining 30% is used for predicting. The input form of ‘ATT’ or ‘SYS1’ is 
(m1,t1)... (mj,tj)...(mn, tn) and the output form of GEP-NPSRM is T(m). 

3) The following two comparison criteria are selected, namely root mean squares 
error (RMSE, shown in Eq.7) and correlation coefficient (CC, shown in Eq.8): 

RMSE=

1
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i i
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∑                    (7) 
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−
−
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∑

∑
                  (8) 

   The value of RMSE is the smaller, and the value of CC is closer to 1, the fitting or 
prediction power is the better. 

2. Comparison of fitting and prediction performance 
1) The fitting and prediction results (CC and RMSE) of GEP-NPSRM and four in-

cidental models on ‘ATT’ and ‘SYS1’ are shown in Tab.3 and Tab.4 respectively. 
2) From Tab.3, on ‘ATT’, the fitting results (CC is 0.9986, RMSE is 11.82) and the 

prediction results (CC is 0.9981, RMSE is 4.68) of the proposed GEP-NPSRM are all 
significantly smaller than the two representative ANN-NPSRMs (i.e. FunNets and FFN) 
as well as MR and SVM-NPSRM. Furthermore, from Tab.4, on ‘SYS1’, the fitting results 
(CC is 0.9982, RMSE is 576.99) and the prediction results (CC is 0.9852, RMSE is 
780.14) of the GEP-NPSRM are also nearly all significantly smaller than the four com-
parison models. Only the prediction result in the form of CC is a little larger than Fun-
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Nets, but still smaller than the other three comparison models.   
To sum up, the comparison results shown in Tab.3 and 4 both show that the 

GEP-NPSRM has the evidently better fitting and prediction power and the better applica-
bility compared with the ANN-NPSRMs. 

Table 3 The fitting and prediction results on ATT 

Model 
Fitting Prediction 

CC RMSE CC RMSE 
MR 0.932 51.83 0.988 132.29 
FFN 0.984 29.92 0.996 50.47 
SVM 0.982 28.79 0.996 19.56 

FunNets 0.998 24 0.998 11.2 
GEP 0.9986 11.82 0.9981 4.68 

Note: The bold number is the best result in this column 
Table 4 The fitting and prediction results on SYS1 

Model 
Fitting Prediction 

CC RMSE CC RMSE 
MR 0.935 7838.41 0.9611 8132.59 
FFN 0.9963 2112.73 0.9973 1697.91 
SVM 0.9948 3136.8 0.9978 3336.2 

FunNets 0.9963 1859.35 0.998 1669.65 
GEP 0.9982 576.99 0.9852 780.14 

Note: The bold number is the best result in this column 
 

4.3 Study 3: GEP-NPSRM vs. SVM-NPSRM 
 

1. Description of Study 3 
1) Two representative SVM-NPSRMs are selected as the major comparison models, 

namely SVMSA [16] and SVMGA [5].  
2) The failure data-sets used for comparing with SVMSA are ‘ATT’ and ‘Musa’ 

[16]. The time data of ‘ATT’ is shown in the form of interval time. The former 18 data of 
‘ATT’ are used as the training data-set for fitting and predicting the whole 22 data of 
‘ATT’. The former 33 data of ‘Musa’ (the size is 101) are used for training and the latter 
60 data are used for predicting (the middle 8 data are not used for calculation in [16]). 
The input form of ‘ATT’ or ‘Musa’ is (m1,t1)... (mj,tj)...(mn, tn) and the output form of 
GEP-NPSRM is T(m). 

3) The failure data-sets used for comparing with SVMGA are ‘ATT’ and ‘Wood2’ 
[5]. The time data of ‘ATT’ is also interval time. The former 18 data of ‘ATT’ are used 
for training and the latter 4 data are used for predicting. The former 15 data of ‘Wood2’ 
(the size is 19) are used for training and the latter 4 data are used for predicting. The in-
put form of ‘ATT’ is (m1,t1)... (mj,tj)...(mn, tn) and the output form of GEP-NPSRM is 
T(m). The input form of ‘Wood2’ is (t1, m1)...(tj, mj)...(tn, mn) and the output form of 
GEP-NPSRM is M(t). 

4) Two comparison criteria are selected, i.e. MSE and the sum of square errors (SSE) 
shown in Eq.9: 
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The value of SSE or MSE is the smaller, the fitting or prediction power is the better 
2. Comparison of prediction performance 

1) The prediction value of each data in ‘ATT’ and the prediction results (SSE) ob-
tained by GEP-NPSRM, SVMSA and four Weibull Bayes prediction models [37~38] 
(Weibull Bayes I-IV) on ‘ATT’ are shown in Tab.5 respectively. The prediction results 
(MSE) of GEP-NPSRM, SVMSA and four autoregressive prediction models [39] on 
‘Musa’ are shown in Tab.6. The prediction results (MSE) of GEP-NPSRM, SVMGA and 
DDSVM [17] on ‘ATT’ and ‘Wood2’ are shown in Tab.7.  

Table 5 The prediction results of GEP and SVMSA on ‘ATT’ 

 
Notes: 1) The bold number is the best result in this column; 2) NA means this prediction value is not given in 
the literature [16]. 

2) From Tab.5, on ‘ATT’, the prediction result of GEP-NPSRM is the best (the SSE 
value is 5558.0311 which is the smallest) compared with SVMSA and four Bayes predic-
tion models. It should be noted that, the prediction result of each model on ‘ATT’ in 
Tab.5 or 7 seems not very good (i.e., in Tab.5, the value of SSE achieves more than 103 
or even 104, and in Tab.7, the value of MSE achieves more than 102). The underlying 
reason may be that because the time data of ‘ATT’ is shown in the form of interval time 
in this study, the difference between the magnitude of time data in ‘ATT’ may be a little 
larger, such as from 102 (129.31) to 10-2 (0.04), which makes the changing trend of time 
data (with the growth of total faults) not very obvious. Thus, the quantitative relationship 
between the interval time and cumulated faults is difficult to be described very accurately 
by the comparison models in Tab.5 and 7, namely, the fitting or prediction value of each 
data can’t keep very close to the corresponding real value all the time. The above analysis 
again shows that the modeling performance of the interval time data is generally worse 
than the cumulated time data. So we’d better transform the interval time data into the cu-
mulated time for obtaining better modeling power which has also been mentioned in sec-
tion 3.2.  

3) It should be noted that, from Tab.6, the prediction result (MSE) of GEP-NPSRM 
Table 6 The prediction results on ‘Musa’ 
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Model Prediction (MSE) 
SVMSA 3.1012 

Model I (normal distribution) 5.5812 
Model II (Kalman filter I) 15.2369 

Model III (Kalman filter II) 10.5903 
Model IV (adaptive Kalman filter) 20.8915 

GEP 3.6020 
Note: The bold number is the best result in this column 

Table 7 The prediction results on ‘ATT’ and ‘Wood2’ 
Model ATT (MSE) Wood2 (MSE) 

DDSVM 2343.2 1.42 
SVMGA 670.56 0.0487 

GEP 681.94 0.0158 
Note: The bold number is the best result in this column 
on ‘Musa’ is a little worse than SVMSA, but the difference is trivial (3.6020 vs. 3.1012). 
And from Tab.7, the prediction result (MSE) of GEP-NPSRM on ‘Wood2’ is signifi-
cantly better than the ones of SVMGA and DDSVM, namely, the MSE value (0.0158) of 
GEP-NPSRM is the smallest among the tree comparison models. Moreover, on ‘ATT’, 
the prediction result (MSE) of GEP-NPSRM is a little worse than or nearly the same with 
the one of SVMGA (681.94 vs. 670.56), but significantly better than the one of DDSVM. 

To sum up, according to the above analysis, we suggest that compared with the 
SVM-NPSRM, the GEP-NPSRM yields a comparable at least or even a little better pre-
diction power as well as the applicability on the whole. 
 
4.4 Study 4: GEP-NPSRM vs. GP-NPSRM 
 

1. Description of Study 4 
1) Three representative GP-NPSRMs, i.e. GP-model [24], GPB-model [25] and 

( µ λ+ ) GP-model [4], are selected as the comparison models in this study. 
2) Nine real failure data-sets shown in [40] are selected for comparison, i.e. ‘3’, ‘27’, 

‘4’, ‘2’, ‘6’, ‘Musa’, ‘SYS1’, ‘SS4’, and ‘SS3’. The size of each data is shown in Tab.8. 
We use the first 2/3 of each data-set for training and use the remaining 1/3 of each da-
ta-set is used for predicting. The input form of each data-set is (m1,t1)... (mj,tj)...(mn, tn) 
and the output form of GEP-NPSRM is T(m). Each data-set is processed by the moving 
average method before modeling [4]. 

3) The comparison criteria are AE (shown in Eq.6) and CC (shown in Eq.8). 
2. Comparison of prediction performance 
1) The prediction results of GEP-NPSRM, GP-, GPB- and ( µ λ+ ) GP-model on 

the nine data-sets are shown in Tab.8 respectively in the form of AE and CC. The bold 
number means the best result in this column. 

2) According to Tab.8, on six data-sets (i.e. ‘3’, ‘6’, ‘Musa’, ‘SYS1’, ‘SS4’ and 
‘SS3’), the prediction results (AE and CC) of GEP-NPSRM are all better than the other 
three GP-NPSRMs respectively, namely, the AE value is the smallest and the CC value is 
the closest to 1. On ‘27’ and ‘4’, the prediction results of GEP-NPSRM are a little  

Table 8 The prediction results of GEP-NPSRM and GP-NPSRMs 
Data Set Prediction Results

�
AE � Prediction Results

�
CC � 
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GP GPB ( λµ + )GP GEP GP GPB ( λµ + )GP GEP 

3(38) 17.45 10.20 5.36 4.99 0.6632 0.9796 0.9909 0.9912 
27(41) 17.66 10.20 5.25 5.92 0.8522 0.9421 0.9938 0.9910 
4(53) 15.86 16.40 7.78 12.46 0.895 0.876 0.9859 0.9798 
2(54) 4.08 3.40 3.32 4.92 0.996 0.9969 0.9973 0.9954 
6(73) 9.46 9.60 8.94 6.38 0.981 0.9812 0.894 0.9843 

Musa(101) 38.82 10.20 8.18 1.15 0.9044 0.9573 0.9933 0.9990 
SYS1(136

) 
6.75 5.20 4.35 4.30 0.9875 0.9958 0.9981 0.9983 

SS4(196) 9.174 9.30 14 2.00 0.9855 0.9753 0.9964 0.9981 
SS3(278) 14.77 8.60 15.71 3.67 0.9657 0.9892 0.9876 0.9951 

Notes: 1) The number in bracket is the size of this data-set; 2) The bold number is the best result in this col-
umn. 
worse than the ( µ λ+ ) GP-model, but still are better than the GP-, and GPB-model. 
Only on the data-set ‘2’, the prediction results of GEP-NPSRM are the worst. Thus, the 
above analysis shows that compared with the three GP-NPSRMs, the GEP-NPSRM pro-
vides the best prediction power and applicability on the whole (best on six data-sets and 
better on two data-sets).  

3) Costa [4] suggested that although the (µ λ+ ) GP-model is very suitable for the 
data-sets with small size (i.e. the data number of data-set is smaller than 100), there is no 
significant difference in the performance compared with the GPB-model on the data-set 
with large size (i.e. the data number is larger than 100) (such as the prediction results on 
‘SS4’ and ‘SS3’). However, from Tab.8, compared with the three GP-NPSRMs, the pro-
posed GEP-NPSRM provides better prediction results on both the small data-sets (such 
as ‘3’, ‘27’, ‘’4’ and ‘6’) and the large data-sets (such as ‘Musa’, ‘SYS1’, ‘SS4’ and 
‘SS3’). Thus, it can be conclude that the applicability of GEP-NPSRM is better than the 
( µ λ+ ) GP-model 

To sum up, according to the above analysis, we suggest that compared with 
GP-NPSRMs, the GEP-NPSRM has better prediction power and applicability. 

 
4.5 Study 5: GEP-FDM vs. Coverage-FDM 

 
1. Description of Study 5 
1) In this study, we apply GEP into modeling non-parametric Coverage-FDM and 

select four existing parametric Coverage-FDMs for comparison, i.e. Beta & Hyper-Exp 
[42], Log-Exp [41] and Logistic FDMs [34].  

2) We select four coverage-based (block, branch, P-use and C-use coverage) failure 
data-sets from the DS3 data-set as the comparison data, which were collected from a 
NASA supported project and shown in [41]. The whole of each data-set is used as the 
training set and for calculating the fitting result. The input form of each data-set is (c1, 
m1)...(cj, mj)...(cn, mn), where cj means the test coverage corresponding to the cumulated 
faults mj, and thus the output form of GEP-NPSRM is M(c). 

3) The comparison criteria are MSE, R-Square, and AE. 
2. Comparison of fitting performance 
1) The fitting results (the values of MSE, R-Square and AE) of the GEP-based 

non-parametric Coverage-FDM and four Coverage-FDMs on four coverage-based da-
ta-sets are shown in Tab.9 respectively. The bold number means the best fitting result in 
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this column.  
2) From Tab.9, on the four coverage-based failure data-sets, the fitting results of 

GEP-based FDM are all nearly obviously better than the ones of the four Cover-
age-FDMs. Only on the ‘P-use Coverage’, the AE value of GEP-based FDM is a little 
larger than L-G, but still smaller than the other comparison Coverage-FDMs.  

To sum up, we conclude that on the four coverage-based failure data-sets, compared 
with the parametric coverage-FDMs, the GEP-based non-parametric Coverage-FDM 
provides more accurate fitting results and applicability as a whole. 
Table 9 The fitting results of GEP-NPSRM and coverage-based fault detection models 

 
Note: The bold number is the best result in this column 
 
5. Conclusion 
 

This paper applies the GEP algorithm into reliability modeling and proposes a novel 
GEP-based non-parametric software reliability modeling approach. This modeling ap-
proach considers some important characters of reliability modeling in several main com-
ponents of GEP algorithm for resulting in the GEP-NPSRMs by using GEP to mine the 
failure data-set to discover the relationship between the observed failure time (or test 
coverage) and faults directly without any assumptions. On several real failure data-sets, 
five comparative studies are presented respectively for comparing the fitting and predic-
tion power of GEP-NPSRMs with several representative PSRMs, ANN-, SVM-, 
GP-NPSRMs and Coverage-FDMs. The experimental results show that compared with 
these comparison models, the proposed GEP-NPSRM provides significantly better fitting 
and prediction results on most data-sets without any assumptions due to the unique and 
powerful encoding method as well as genetic operators of GEP algorithm. In other words, 
it shows that the application of GEP algorithm to non-parametric reliability modeling is 
an effective and novel attempt which may be very significant for further researches and 
applications.  

There are some discussions as follows: 1) Because of the randomness existing in the 
process of creating initial population and genetic operations, the fitting and prediction 
results of the final GEP-NPSRM can’t always keep better than the comparison models all 
the time. Even if we apply GEP on the training data-set many times, it may still be not 
able to obtain the satisfactory results, such as on several data-sets, the GEP-NPSRM can’t 
provide better results than some comparison model all the time. This is an unavoidable 
problem existing in many machine learning techniques. However, we have shown that in 
most cases, the proposed GEP-NPSRM indeed obtains better and satisfying results. 
Therefore, we suggest that when using GEP for modeling, the experiments should be 
made as many as possible for obtaining the best fitting and prediction results to ensure the 
effectiveness of GEP-NPSRM; 2) The GEP algorithm is more suitable for mining the 
failure data-sets with the obvious tendency (such as the cumulated failure time data with 
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the obvious increasing trend). Thus, we suggest that before modeling, the training data-set 
should be translated into the form of cumulated failure time.  

The following issues will be further discussed in our future work: 1) Combining 
some other ML techniques with the GEP algorithm, such as AdaBoosting, simulated an-
nealing; 2) Selecting several fault defection model (i.e. M(t)) as the elements of the func-
tion set for improving the dominant characters of initial population; 3) The overfitting 
problem existing in the non-parametric modeling.  
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