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The partition testing method is a commonly followed practice towards the selection of test cases. For partition 
testing, the program’s input domain is divided into subsets, called subdomains, and one or more 
representatives from each subdomain are selected to test the program. The goal of such partitioning is to make 
the division of the program’s input domain in such a way that when the tester selects test cases based on 
the subsets, the resulting test set is a good representation of the entire domain. The main aim of the paper is 
to analyse the fault-detecting ability of the partition testing method. Using effectiveness metrics for testing 
and partitioning schemes this paper makes a comparison of various test case allocation schemes 
in partition testing. 
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1. Introduction 
 
The software testing stage plays a critical role in 
the software development process, and 
consumes a significant amount of resources 
including time and money. To help raise the 
effectiveness and efficiency of testing activities 
many approaches have been conducted to find an 
optimal testing strategy. The testing strategy 
determines which test case set should be selected 
as a basis for the testing stage. The set of all 
relevant inputs to a program is usually referred 
to as the program’s input domain. Exhaustive 
testing, which tests all possible inputs is 
generally impractical since the inputs domain is 
normally very large. Typically, testers can only 
afford to test a small part of the input domain. 
Random testing, also known as statistical testing, 
is input-domain-based and often a black-box 
method for software testing. Despite persisting 
criticism, random testing, which is presented and 
discussed by almost every book on software 
testing, continues to be viewed and advocated by 
some as a simple, practical, and often cost-
effective method to assess software reliability. 

Partition testing is one of the main 
techniques towards the selection of test data.  
For partition testing, the program’s input domain 
is divided into subsets, called subdomains, and 
one or more representatives from each 
subdomain are selected to test the program. Path 
coverage is a typical example of partition 
testing. Random testing can be viewed as  

a degenerate form of partition testing in the 
sense that there is only one ”subdomain”, the 
entire program domain. Since there is no 
partitioning, random testing does not bear the 
overhead of partitioning and of keeping track of 
which subdomains have been tested or not.  
A comparison analysis of partition testing  
and random testing has attracted significant 
attention in the literature. Specific contributions 
have been made by Boland [1], Duran and 
Ntafos [2], Gutjahr [3], Hamlet and Taylor [4], 
Weyuker and Jeng [5], Chen and Yu [6, 7]. 
Duran and Ntafos [2], and Hamlet and Taylor 
[4], performed a series of simulations and 
experiments to compare the effectiveness of 
partition testing and random testing.  
Their results were at first surprising to many 
people. They found that even when partition 
testing was better than random testing at finding 
bugs, the difference in effectiveness was 
marginal. Thus, when the overhead of 
partitioning is relatively expensive to random 
testing, it is likely that random testing will be 
more cost effective than partition testing in terms 
of cost per fault found. Weyuker and Jeng [5] 
conducted a formal analysis of partition testing 
strategies and compared the effectiveness of 
partition testing and random testing. They found 
that partition testing can be an excellent testing 
strategy or a poor one, as compared to random 
testing. Essentially, they found that the 
effectiveness of a particular partition testing 
strategy depends on how well that strategy 
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groups together the failure-causing inputs,  
that is, inputs which produce incorrect outputs. 
In particular, partition testing is most successful 
when the subdomain definitions are fault-based. 
Their findings were very helpful in explaining 
the seemingly counter-intuitive results in the 
empirical analysis of partition testing and 
random testing by Duran and Ntafos [2] as well 
as Hamlet and Taylor [4]. Gutjahr [3] has 
compared partition testing and random testing on 
the assumption that program failure rates are not 
known with certainty before testing and are, 
therefore, modeled by random variables. He has 
shown that under uncertainty, partition testing 
compares more favorably to random testing than 
suggested by prior investigations concerning the 
deterministic case. 

Boland et. al. [1] have studied how the 
concepts of majorization and Schur-Convexity 
can be used in determining conditions under 
which partition testing is more effective than 
random testing. They have generalized some of 
the results of Weyuker and Jeng [5], Chen and 
Yu [6, 7] and Gutjahr [3] and established more 
precise conditions under which partition testing 
outperforms random testing. 

Based on and inspired by the work of 
Weyuker and Jeng [5] and Chen and Yu [6, 7], 
this paper is aimed at adding some new results 
and generalizations. 
 
2. Notation and Assumptions 
 
Comparison analysis of partition and random 
testing will be conducted on the basis of notation 
and assumptions that have been used in papers 
of Weyuker and Jeng [5] and Chen and Yu [6].  

For any general program P, its input 
domain will be denoted by D and the size of D is 
d, 0>d . Elements of D, which produce 
incorrect outputs are known as failure-causing 
inputs, and we shall assume that there are m of 
them, 0 ≤ m ≤ d. The remaining inputs  

mdc −=  will be called correct inputs. 
The failure rate θ , is defined as d/m=θ . 
Assume also that the total number of test cases 
selected is n. When testing is done by dividing 
the program domain D into k subdomains, 1>k , 
these subdomains will be denoted by Di, where 
i=1, 2, ..., k. The i-th subdomain has a size of di 
and contains mi failures causing inputs, 

ii dm ≤≤0 , and iii mdc −=  correct inputs, and 
has failure rate of iii d/m=θ . The number of 
test cases selected from the i-th subdomain is in , 

1≥in . Of course, we have 

∑
=

=
k

i
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1
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Since in general testing performance 
increases with the number of test cases, we 
assume that partition testing and random testing 
have the same number of test cases when 
compared. We assume that all subdomains are 
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All random selections are also assumed to be 
independent and based on a uniform distribution. 
This means that when a test case is selected from 
D or Di, the probability that it is a failure-
causing input will be exactly θ  or iθ  
respectively. We are interested in the probability 
that at least one failure-causing input is found 
when all test cases have been selected and 
executed. This will be denoted by rP  for random 
testing, and pP  for partition testing. They are 
defined by the following formulas [5]:  

n
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where )n,...,n,n( k21=n , 1>k , is a vector of 
the number of test cases in  selected from the  
i-th subdomain. 
If there is only one subdomain, i.e. k = 1, we 
have pP = rP . Similarly, if θθθθ ==== k...21  
we have 
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i.e. above probabilities rP  and pP  are the same. 
 
3. Comparison of Partition and 

Random Testing 
 
Intuitively speaking, partition testing should be 
more effective in revealing program errors than 
random testing. However, Duran and Ntafos [2] 
as well as Hamlet and Taylor [4] observed in 
their simulation investigations that there is only 
a marginal difference in effectiveness between 
these two methods. Random testing might even 
be more effective than partition testing, 
especially when partitioning and associated costs 
of partition testing are high. We note, that 
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intuitively, partition testing should be more 
effective, if more test cases are selected from 
subdomains having higher failure rates. 
However, this is insufficient to guarantee that it 
will be better than random testing. This is 
illustrated in example 1.  

 

 

 

 

 
Example 1.  

 k = 3 
Case di mi ni θi θ Pr Pp 

1 
d1 1200 m1 10 n1 10 θ1 0.0083 

0.01 0.1821 0.1912 d2 500 m2 7 n2 7 θ2 0.014 
d3 300 m3 3 n3 3 θ3 0.01 

Total  2000  20  20      

2 
d1 1200 m1 11 n1 13 θ1 0.0092 

0.01 0.1821 0.1725 d2 500 m2 7 n2 3 θ2 0.014 
d3 300 m3 2 n3 4 θ3 0.0067 

Total  2000  20  20      

3 
d1 1200 m1 12 n1 13 θ1 0.01 

0.01 0.1821 0.1821 d2 500 m2 5 n2 3 θ2 0.01 
d3 300 m3 3 n3 4 θ3 0.01 

Total  2000  20  20      
 
In this example, we have three partitions and 
both the total number of test cases that produce 
incorrect outputs and the total number of test 
cases are kept the same. In the first case partition 
testing is more effective than random testing, in 
the second case it is inversely, and in the third 
case probabilities rP  and pP  are the same. 

In general, we do not have a priori precise 
information about the distribution of the failure-
causing inputs so as to assess the performance of 
partition testing. Despite the absence of 
information about the distribution of failure-
causing inputs, Weyuker and Jeng [5] did find  
a way of partitioning the program domain that is 
guaranteed to be not worse than random testing. 
They have proved that, if kddd =⋅⋅⋅== 21  and 

knnn =⋅⋅⋅== 21 , then rp PP ≥ . If, in addition, 
the failure-causing inputs are equally divided 
among the subdomains, so that 

kmmm =⋅⋅⋅== 21 , then rp PP = . This effect is 
illustrated in example 2. In other words, we will 

never do worse than random testing by having 
equal-sized subdomains and equal number of 
test data. 

This result gives a sufficient condition of 
partition testing to be better than random testing. 
However, when we divide the program input 
domain according to the commonly accepted 
criteria, it is extremely unusual for the 
subdivisions to be of equal size. An obvious, but 
not intuitively appealing criterion is equal size 
partition, that is dividing the program input 
domain into subdomains of equal sizes. 

In example 2 we have two cases with three 
partitions. In the first case 321 ddd ==  and 

321 nnn == , and we can see that rp PP ≥ . In the 
other case additionally there is 321 mmm ==  
and probabilities rP  and pP  are the same. 
 
 
 

Example 2.  
 k = 3 

Case di mi ni θi θ Pr Pp 

1 
d1 700 m1 10 n1 50 θ1 0.0143 

0.0100 0.7785 0.7788 d2 700 m2 7 n2 50 θ2 0.0100 
d3 700 m3 4 n3 50 θ3 0.0057 

Total   2100   21   150           

2 
d1 700 m1 7 n1 50 θ1 0.0100 

0.0100 0.7785 0.7785 d2 700 m2 7 n2 50 θ2 0.0100 
d3 700 m3 7 n3 50 θ3 0.0100 

Total   2100   21   150          
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Chen and Yu [6, 7] have generalized that 
result, that if the subdomains are disjoint, then 
partition testing is better than random testing so 
long as test cases are selected in proportion to 
the size of subdomains. Formally, that means 
that if 2≥k  and kk dndndn =⋅⋅⋅== 2211 , 
then rp PP ≥ . This effect illustrates example 3 

for k = 3 and 06,0112211 === dndndn .  
 

 
 
 
 
 
 
 
 

Example 3.  
 k = 3 

Case di mi ni θi θ Pr Pp 

1 
d1 500 m1 10 n1 30 θ1 0.0200 

0.0095 0.6996 0.7019 d2 300 m2 7 n2 18 θ2 0.0233 
d3 1300 m3 3 n3 78 θ3 0.0023 

Total   2100   20   126           

2 
d1 500 m1 10 n1 30 θ1 0.0200 

0.0143 0.8371 0.8377 d2 300 m2 10 n2 18 θ2 0.0333 
d3 1300 m3 10 n3 78 θ3 0.0077 

Total   2100   30   126           

3 
d1 500 m1 20 n1 30 θ1 0.0400 

0.0286 0.9742 0.9747 d2 300 m2 20 n2 18 θ2 0.0667 
d3 1300 m3 20 n3 78 θ3 0.0154 

Total   2100   60   126          
 
The total number of test cases n = 2100 is 

kept the same for every case of three cases, but 
the total number of test cases that produce 
incorrect outputs 321 mmmm ++=  is different 
for every case. We can notice that for every case 
in example 3 partition testing is more effective 
than random testing. Also, we can see that the 
increase of the total number of test cases that 
produce incorrect outputs 321 mmmm ++=  
entails the increase of both probabilities rP   
and pP .  

It is noteworthy that the values of pP  in 
example 3 are only a little bit better than values 
of rP . We will explain this fact in later parts of 
this paper. 

 
4. The Best and the Worst Cases for 

Partition Testing 
 
In this section, we analyze the best and worst 
cases of subdomain testing, as well as the 
conditions under which subdomain testing 
performs better or worse than random testing.  
For the reasons of assessment of the schemes of 
program partitioning that have been proposed in 
papers of Weyuker and Jeng [5] and Chen and 
Yu [6] we will determine conditions to 
maximize the value of probability pP . 

Before we present the main result of this 
paper, we need to prove the following lemma 
first as it is needed for the proof of the theorem 
determining conditions to maximize and 
minimize the value of probability pP . 
Lemma 1. Suppose that k = 2, 11 ≥n , 12 ≥n  
and the subdomains are renumbered in such 
a way that 21 θθ ≤ . Then: 

1
2121

2121 )1)(1()1()1( −+−−≥−− nnnn θθθθ .   (5) 

Proof. Finding the logarithm of the last 
inequality we have: 

])1)(1ln[(])1()1ln[( 1
2121

2121 −+−−≥−− nnnn θθθθ
By using fundamental qualities of the logarithm 
function we obtain: 

).1ln()1()1ln(
)1ln()1ln(

2211

2211

θθ
θθ

−−++−≥
≥−+−

nn
nn

                   
 

Then, after transformation we have: 

)1ln()1()1ln()1( 2111 θθ −−≥−− nn . 

It is obvious that if 011 =−n  then above 
inequality is true. 
If 011 >−n , we obtain ≥− )1ln( 1θ )ln( 21 θ− , 
and finally )1()1( 21 θθ −≥− . 
The last inequality is true because we have 
assumed that 21 θθ ≤ .    

From lemma 1 follows immediately that if  
k = 2,  nnn =+ 21  and 21 θθ ≤ , we have: 
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1
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Making use of the lemma 1 we can prove the 
following theorem. 

Theorem 1. Suppose that 1>k ,  ∑
=

=
k

i
i nn

1
 and 

the subdomains are renumbered in such a way 
that kθθθ ≤≤≤ ...21 . Then we have: 
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Proof.  Left side of the last inequality can be 
written as follows: 
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The following corollary is the immediate result 
of theorem 1. 

Corollary 1. If 1>k ,  ∑
=

=
k

i
i nn

1
 and the 

subdomains are renumbered in such a way that 
kθθθ ≤≤≤ ...21 , then: 
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The above corollary from theorem 1 can be 
present in following form: 

)(P  max)kn ,... , ,(P pp n=+− 1111 ,      (8) 

where )n,...,n,n( k21=n . 
It is obvious that the following theorem is also 
true. 

Theorem 2. Suppose that 1>k , ∑
=

=
k

i
i nn

1
 and 

the subdomains are renumbered in such a way 
that kθθθ ≥≥≥ ...21 . Then we have: 

1
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The proof of theorem 2 is very similar to the 
proof of theorem 1 and will be omitted. 
Using theorem 2 we can formulate the following 
corollary: 

Corollary 2. If 1>k ,  ∑
=

=
k

i
i nn

1
 and the 

subdomains are renumbered in such a way that 
kθθθ ≥≥≥ ...21 , then 
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Thus 
)(P  min)kn ,... , ,(P pp n=+− 1111 ,      (11) 

where )n,...,n,n( k21=n . 
The following two examples 4 and 5 illustrate 
correctness of corollaries 1 and 2.  

Example 4 describes the best and the worst 
case of probability Pp for k = 3, n = 30 and 

321 θθθ ≤≤ . In accordance with theorems 1 and 
2 the probability Pp  has the maximum for  
n = (1, 1, 28) and the minimum for  
n = (28, 1, 1) respectively. It should be noted 
that for n = (10, 15, 5) we have 

025,0332211 === dndndn , so that is  
a partition compatible with condition found by 
Chen and Yu [6]. The row that fulfills the Chen 
and Yu condition is shaded. We have previously 
stated that this condition guarantees  
that rp PP ≥ , but the value of pP  is only a little 
bit better than the value of rP .  

 
 
 
 
 
 
 
 
 
 
 
 

 

n 

n 



K.Worwa, J.Stanik, Comparison Study of Test Case Allocation Schemes in Software Partition Testing 
 

 64

 

Example 4.  

     n1 n2 n3 Pp Pr 
    1 1 28 0.9900 

0.7854 

n d m θ  1 2 27 0.9887 
30 1200 60 0.05  1 3 26 0.9871 

     1 4 25 0.9854 
m1 10    1 5 24 0.9833 
m2 20    ... 
m3 30    10 12 8 0.8592 

     10 13 7 0.8398 
d1 400    10 14 6 0.8178 
d2 600    10 15 5 0.7928 
d3 200    10 16 4 0.7644 

     10 17 3 0.7321 
θ1 0.025    10 18 2 0.6953 
θ2 0.033    ... 
θ3 0.150    26 2 2 0.6504 

     26 3 1 0.6025 
     27 1 2 0.6474 
     27 2 1 0.5990 
     28 1 1 0.5956 

In this example we 
have: 9900.0)2,1,1( =8  pP , 7928051510 .),,(Pp =  

and 5956.0)1 ,1 ,28( =pP . Thus in fact, the 
probability Pp is much greater than  
the probability Pr (30), i.e. 

7928.0)5 ,15 ,10( =pP  > 7854.0)03( =rP  but 

simultaneously 7928.0)5 ,15 ,10( =pP  is 

significantly worse than 9900.0)82 ,1 ,1( =pP . 
Example 5 describes the best and the worst case 
of probability Pp for k = 2, 21 θθ ≤  and 

10021 =+= nnn .  
In accordance with theorems 1 and 2 the 

probability Pp  has the maximum for n = (1, 99) 
and the minimum for n = (99, 1) respectively. It 
should be noted that for n = (25, 75) we have 

005,02211 == dndn . The row that fulfills that 
condition is shaded. 

Based on example 5 we can formulate the 
following observation: if we have only two 
partitions (k = 2) and 21 θθ ≤ , than: 
1) rp PP ≥ , if and only if 2211 dndn <  

(above and with shaded row); 
2) rp PP < , if and only if 2211 dndn > (below 

shaded row). 
If 21 θθ ≥ , than the above relations are inverse. 
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Example 5. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
5. Conclusions 
 
In this paper, we have extended and generalized 
some of the results by Weyuker and Jeng [5] and 
Chen and Yu [6]. We have given more general 
characterizations of the worst case for partition 
testing, along with a precise characterization of 
when this worst case is as good as random 
testing.  

Almost all program testing strategies share 
a common characteristic: the program’s input 
domain is divided into subsets, called 
subdomains, and one or more representatives 
from each subdomain are selected to test the 
program. This approach to the selection of test 
data is commonly referred to as partition testing. 
In contrast to the systematic approach of 
partition testing, random testing simply requires 
test cases to be randomly selected from the 
entire input domain. Most of the related work on 
partition testing deals only with the assumption 
that all subdomains are disjoint. Duran and 
Ntafos [2] in their simulation and empirical work 
on the comparison of partition and random 
testing concluded that the two methods are 
almost equally effective, even under 
assumptions that seem to favor partition testing. 
Their results also indicate that random testing 
may often be more cost effective than partition 
testing. We have analyzed some of the results by 
Weyuker and Jeng [5] and Chen and Yu [6, 7] 

concerning conditions for partition testing to be 
better than random testing. Weyuker and Jeng 
[5] have found that if kddd =⋅⋅⋅== 21  and 

knnn =⋅⋅⋅== 21 , then the partition method 
would not be worse than random testing. Chen 
and Yu [6] have extended and generalized some 
of the results by Weyuker and Jeng [5]. They 
have given more general characterizations of the 
worst case for partition testing, along with  
a precise characterization of when this worst 
case is as good as random testing. The most 
important result of their study is that as long as 
we select the number of test cases proportional 
to the size of the subdomains, partition testing is 
guaranteed to be no worse than random testing. 
In practice, most partition testing strategies 
divide the program domain into unequal-sized 
subdomains. If the sizes of the subdomains are 
known, then we know how the test cases should 
be distributed, so that the partition method 
would not be worse than random testing.  
In many cases, however, the exact sizes of the 
subdomains may not be easily known. In that 
situation it is sufficient to know the ratio of the 
subdomain sizes in order to be able to determine 
the distribution of test cases. 

In this paper, we have determined 
conditions to both maximize and minimize the 
value of probability pP , in the sense of 
allocation of test cases to the subdomains.  

   n1 n2 Pp Pr n1 / d1 n2 / d2 
  1 99 0.8836 

0.8674 

0.0002 0.0066 
  2 98 0.8830 0.0004 0.0065 
  3 97 0.8824 0.0006 0.0065 
  4 96 0.8817 0.0008 0.0064 
k 2  5 95 0.8811 0.0010 0.0063 

m1 80  … …
m2 320  21 79 0.8703 0.0042 0.0053 
d1 5000  22 78 0.8696 0.0044 0.0052 
d2 15000  23 77 0.8689 0.0046 0.0051 

  24 76 0.8681 0.0048 0.0051 
θ1 0.0160  25 75 0.8674 0.0050 0.0050 
θ2 0.0213  26 74 0.8667 0.0052 0.0049 
   27 73 0.8660 0.0054 0.0049 
   28 72 0.8652 0.0056 0.0048 
   29 71 0.8645 0.0058 0.0047 
   30 70 0.8638 0.0060 0.0047 
   … … 
   31 69 0.8630 0.0062 0.0046 
   96 4 0.8050 0.0192 0.0003 
   97 3 0.8039 0.0194 0.0002 
   98 2 0.8029 0.0196 0.0001 
   99 1 0.8018 0.0198 0.0001 
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The most important result of this paper is to find 
out that according to conditions for partition 
testing is guaranteed to be no worse than random 
testing, that have been determined by Weyuker 
and Jeng [5] and Chen and Yu [6], the difference 
of values of pP  and rP  is marginal. It was 
illustrated in Example 4, where for k = 3, 
n = 30, d = 1200 and m = 60 we have 

7854.0=rP , whereas for m1=10, m2 = 20, 
m1 = 10, m3 = 30 and d1 = 400, d2 = 600, 
d3 = 200 and n1 = 10, n2 = 15, n1 = 5 we have 
fulfillment of condition by Chen and Yu [6] 
( )025.0/// 332211 === dndndn  and 

7928.0=pP . Thus, 0074.0=− rp PP , while 

2046.0max =− rp PP . 
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Porównanie wybranych strategii losowego testowania oprogramowania 
 

K. WORWA, J. STANIK 
 

W artykule przedstawione są wyniki porównania dwóch, najczęściej wykorzystywanych w praktyce, strategii 
losowego tworzenia zbioru danych testowych. Pierwsza z tych strategii, nazywana testowaniem w pełni 
losowym, polega na losowaniu poszczególnych przypadków testowych ze zbioru wszystkich możliwych 
zestawów danych wejściowych rozpatrywanego programu, przy czym najczęściej przyjmuje się tutaj,  
że wylosowanie każdego z tych zestawów jest jednakowo prawdopodobne. Druga z analizowanych strategii 
zakłada podział całego zbioru wszystkich możliwych zestawów danych wejściowych programu na tzw. partycje, 
będące podzbiorami, tworzonymi w oparciu o kryteria wykorzystywane w testowaniu strukturalnym. Strategia ta 
jest nazywana strukturalnym testowaniem losowym. Zawarte w artykule rozważania mają na celu określenie 
warunków, dla których jedna z ww. strategii testowania losowego jest lepsza od drugiej, w sensie 
prawdopodobieństwa wykrycia co najmniej jednego błędu. 
 
Słowa kluczowe: testowanie oprogramowania, strukturalne testowanie losowe, testowanie w pełni losowe. 
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