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Abstract

Years of programming experience has convinced us that the physical structure of a program, such as the locations of the

program's components, their calls, and the depth of nested calls, is important in determining how e�ective and e�cient the program

can be debugged and maintained. This paper introduces a new class of physical metrics, known as locality metric, that measures the

relative positions of components in a program listing and reveals useful attributes that may a�ect programmer productivity. The

placement of the components can be determined by a simple algorithm that is of polynomial time complexity. The paper compares

the performance of the algorithm with that of an exhaustive search approach and also reports various characteristics of the locality

metric based on the collected statistical data. The performance shows the feasibility of the algorithm and closeness of its output to

the optimal result found by the exhaustive approach. Ó 2000 Elsevier Science Inc. All rights reserved.
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1. Introduction

Billions of dollars are spent each year world-wide on
software costs, a large portion of which is used for
software maintenance (Gorla, 1991). A major reason for
this is that the software quality is typically low and re-
sults in high maintenance overhead. Various software
metrics have been used to quantitatively characterise
essential features of programs. Structure metrics have
been used to analyse the logical relationships among
program components (Chidamber and Kemerer, 1994;
Dharma, 1995; Gorla and Ramakrishnan, 1997; Henry
and Kafura, 1981). Such logical structure metrics in-
clude coupling and cohesion complexity between pro-
gram components (Dharma, 1995), internal complexity,
positional complexity, and interfacing complexity of a
component (Adamov and Richter, 1990), the span of
control and its distribution (Gorla and Ramakrishnan,
1997), and object-oriented metrics for predicting fault-
proneness (Basili et al., 1996; Chidamber and Kemerer,
1994). Research on analysing physical attributes of a

program such as style characteristics has produced some
interesting and useful results (Benander et al., 1990;
Berry and Meekings, 1985; Gorla et al., 1990).

However, little attention has been paid to the
physical layout of program components. It is obvious
that a programmer's productivity and particularly de-
bugging e�ort not only depend on the logical structure
but also on the physical structure of the program.
Programmers, in real life, go through program listings
many times for debugging and maintenance purposes,
particularly with large legacy programs. Easy-to-read
programs lead to low debugging and maintenance ef-
fort. For example, consider a simple program con-
sisting of three large components that are placed in the
order of A, B, C. A includes at least one call to C and
B has no calling relationship with A or C. It is ap-
parent that during program debugging, the program-
mer has to ¯ip over the B listing when inspecting
the program code of A and C. This would waste the
programmer's time but can be easily avoided if the
program components are placed in an appropriate
order. This paper proposes a measurement that cha-
racterises the placement ordering of components in a
program, and reports our ®ndings of the relationship
between program components' placement and the
measurement, and how a better measurement and thus
better placement may be obtained.
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This paper introduces a new class of metrics, called
locality metric, to quantify the physical structure of the
above nature. A measurement makes sense only when it
is associated with one or more models because experi-
mentation models of measurement are essential for case
studies and experiments for software engineering re-
search (P¯eeger et al., 1997). The experimentation model
of our research can be stated in the following aspects.
· Problem domain. The main objective of the present

study is to devise a measurement that quanti®es the
placement ordering of program components. The fac-
tor that determines the ordering of a number of com-
ponents is the calling relationships among the
components and is measured by the locality metric.
The ultimate aim is to associate the locality metric
with the programmer's productivity.

· Language paradigm. We consider software develop-
ment in any conventional imperative programming
language that features function or procedure calls.
We believe that our study and results are equally ap-
plicable to some other programming paradigms.

· Hypotheses. The program development platform is
assumed to support a usual screen editor with the
scrolling capability to view and edit a long program
listing. Some special editors with structural support,
such as a folding editor provided in the Occam Devel-
opment Kit for transputers, are assumed not in use.

· Method of experiment. We run the implemented algo-
rithms on a workstation to observe their real-time
performance and collect various statistical data to an-
alyse the characteristics of the locality metric.

The rest of the paper is organised as the following.
Section 2 brie¯y compares logical and physical metrics,
followed by Section 3 that introduces the concept of
locality metrics through a simple example. Section 4
describes an algorithm for ®nding a near-optimal com-
ponent placement and reports the initial experimental
results. Section 5 discusses the impact of logical struc-
tures on the e�ectiveness of the locality metric. The
paper is ®nally concluded by Section 6.

2. Logical and physical metrics

Logical metrics measure a program's functionality
and correctness. Examples of logical metrics include
span of control, cyclomatic complexity, etc. Physical
metrics measure a program's physical structure which
include ergonomic factors that a�ect the programmer
productivity, such as relative positions of a component
call and the corresponding component to be called. The
two types of metrics are orthogonal and cannot be de-
rived from one another. Combined logical and physical
metrics provide a means for comprehensively measuring
programmer productivity. Of the software development
cycle, we are mostly concerned with three critical stages,

i.e. coding, debugging, and maintenance. Di�erent met-
rics play di�erent roles during these development stages.

As depicted in Fig. 1, logical metrics are primarily
used at the coding stage, where the logical structure
guides the program construction through its data and
control ¯ows. Physical metrics, on the other hand, are
useful in providing measurements necessary for software
maintenance. Both types of metrics can aid program
debugging, but in very di�erent ways. The former assists
logical debugging and error detection while the latter
may help improve debugging e�ciency. Since their roles
are complementary, the combined use of logical and
physical metrics should provide comprehensive mea-
surements over the stages of coding, debugging, and
maintenance.

3. Locality metrics

With years of programming experience, we observed
that the physical locations of components and their
calls, and the depth of nested calls are important factors
that a�ect debugging and maintenance. These factors
form a class of physical metrics, known as locality
metrics (Gorla and Ramakrishnan, 1997). They measure
relative positions of program components and reveal
useful attributes that a�ect the programmer productiv-
ity. A locality metric (LM) is de®ned as the sum of the
distances between all pairs of calling components and
called component divided by the total number of calls:

LM �
X

i

X
j

�FijDij�=
X

i

X
j

Fij � Dtot=
X

i

X
j

Fij;

where Dij �j iÿ j j is the distance between calling com-
ponent i and called component j, Fij is the frequency of
calls from i to j, Dtot �

P
i

P
j�FijDij� is the total distance

that includes all the calls between any pairs of compo-
nents.

The above metric assumes that the program compo-
nents are of about the same size. The assumption is
unrealistic for most application programs. To take the
program size into account, we introduce the concepts of
internal distance and external distance below. If a calling
statement is placed before the called component, it is a

Fig. 1. Factors of programmer productivity.
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forward calling statement. If after the called component,
it is a backward calling statement. In the following dis-
cussion, i < j implies that i is placed before j and i� 1 is
the component placed immediately after i.

De®nition 1. Internal distance. The internal distance Dini

for a forward calling statement in component i is the
number of lines of code between the statement and the
end of i. The internal distance for a backward calling
statement in component i is the number of lines of code
between the beginning of i and the statement.

De®nition 2. External distance. The external distance
Dexij between a calling component i and a called com-
ponent j is the sum of lines of code in the components
between i and j. Therefore, for a forward call (i < j)

Dexij �
Xjÿ1

k�i�1

Lk

and for a backward call (i > j)

Dexij �
Xiÿ1

k�j�1

Lk;

where Lk is the number of lines in component k.

Hence, when the distance Dij is measured by lines of
code, it equals Dini � Dexij . The total distance Dtot for all
the calls, taking di�erent sized components into account,
is the total number of calls times the sum of internal and
external distances for all the calls:

Dtot �
X

i

X
j

Fij Dini

ÿ � Dexij

�
;

where Fij is the frequency of calls from i to j. To ease and
simplify the discussion of the following examples, the
distance between any two components is still measured
by the number components between them, rather than
by the number of lines between the calling statement and
called component. The principle and approach de-
scribed in the remaining part of the paper apply to real
programs when measuring them in either lines of code or
number of components.

The main aim of introducing locality metrics is to
guide the programmer in placing or re-arranging pro-
gram components in such a way that the programmer's
debugging and maintenance e�orts can be minimised.
Consider the logical structure of a program shown in
Fig. 2 which reveals the relationships between calling
and called components (modules or procedures). The
components are identi®ed by their numbers in circles
and 1 represents the main component. The number next
to an arc represents the calling frequency between the
two components connected by the arc.

Assuming that the physical structure of the program,
i.e. the ordering of the components in the program
listing is

1 2 3 4 5 6 7 8;

the 8� 8 matrix representing the calling structure is
shown in Table 1. In the matrix, the rows and columns
are marked by the component numbers as their identi-
®ers, each matrix element represents the calling fre-
quency between the two components at the
corresponding row and column, and M is an integer
larger than the largest calling frequence in the matrix.
The calling direction is ignored, so that A calling B is
regarded the same as B calling A. Thus the calling ma-
trix is always symmetric. The locality metric for the
program is calculated as shown in Table 2, where
``Distance 1'' denotes the number of components be-
tween the calling and called components, multiplied by
the calling frequency.

The locality metric is 3:778, obtained by dividing the
total distance (i.e., 102) by the total number of calls (i.e.,
27 ± calling frequency total). If the program components
have the following di�erent ordering

1 7 8 2 4 3 6 5;

the locality metric is then calculated as in the right-most
column, denoted by ``Distance 2'', of the same table.
The locality metric is 2:519, which is lower than the
former program structure. The lower the locality metric

Fig. 2. An example of logical structure of a program.

Table 1

Original calling matrix of the example program

1 2 3 4 5 6 7 8

1 M 4 0 0 0 1 5 1

2 4 M 1 2 8 0 1 3

3 0 1 M 0 0 0 0 0

4 0 2 0 M 0 0 0 1

5 0 8 0 0 M 0 0 0

6 1 0 0 0 0 M 0 0

7 5 1 0 0 0 0 M 0

8 1 3 0 1 0 0 0 M
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is, the closer the related program components (i.e., the
ones having calling relationships) are placed in the
program listing. The second program structure should
result in a lower debugging and maintenance overhead
than the ®rst program structure, given the same logical
structure. This is because the programmer spent less
time in inspecting related program components which
are placed together or close to each other.

4. Component placement

In order to decide the placement of a program's
components that gives a minimal locality metric, we
adapt the bond energy algorithm (BEA) (McCormick
et al., 1972) to group interrelated components together.

4.1. Bond energy algorithm

The bond energy algorithm (BEA), proposed by Mc-
Cormick et al. (1972), is a cluster-analysis method for
identifying natural variable groups and clusters in
complex data arrays. It introduces the concept of mea-
sure of effectiveness (ME), aiming at maximising the
summed bond energy (i.e., ME) over all row and column
permutations of an input array. That is, ®nd

max�ME� � max
XM

i�1

XN

j�1

ai;j�ai;jÿ1

(
� ai;j�1 � aiÿ1;j

�ai�1;j�
)

for all N !M ! permutations (with the convention
a0;j � aM�1;j � ai;0 � ai;N�1 � 0).

For problems that decompose into subproblems that
are non-interacting or interact only through a few well-
de®ned interface variables, the BEA is useful in identi-
fying their subproblems and interfaces. Applications of
the BEA include grouping various types of machinery

by their functions, grouping warehouses by the area they
service, etc.

According to the calling relationships and frequencies
of program components, we adapt the BEA to decide
the components placement. We use an N � N symmetric
array, whose rows and columns identify the N program
components and each array element is the calling fre-
quency between the two components at the corre-
sponding row and column. Since the array is represented
as a symmetric matrix, we need only to ®nd a row (or
column) permutation that creates the strongest `bond
energy' by driving the larger array elements together.
This is achieved by calculating the measure of e�ec-
tiveness (ME) for each permutation by

ME �
XN

i�1

XN

j�1

Fi;j�Fi;jÿ1 � Fi;j�1�;

where Fi;j is the calling frequency between components i
and j. The permutation that gives the maximal ME
represents a desirable component placement, which is
near-optimal as discussed in Section 4.3. Since the initial
matrix is symmetric, the algorithm can operate on either
rows or columns and generate the same result as de-
scribed below.

Given a program of N components, assuming to
operate on rows:
1. Create an N � N symmetric matrix InitMatrix � �Fi;j�

such that Fi;j�� Fj;i� is the calling frequency between
components i and j �i 6� j�, and Fi;i is an integer larger
than the maximal value of the matrix elements.

2. Select a row arbitrarily (say, the ®rst row) from
InitMatrix to be placed in a new matrix. Set i � 1.

3. Try to place individually each of the remaining N ÿ i
rows in each of the i� 1 possible positions, and com-
pute each row's contribution to the ME. Place the
row in the position that gives the largest incremental
ME. Increment i by 1 and repeat this step until i � N .

4. The rows of the resulting new matrix (FinalMatrix)
gives the relative positions of the program compo-
nents.

Table 2

The locality metrics of the example program

Calling component Called component Calling frequency Distance 1 Distance 2

1 7 5 6� 5 1� 5

1 8 1 7� 1 2� 1

1 2 4 1� 4 3� 4

1 6 1 5� 1 6� 1

2 7 1 5� 1 2� 1

2 3 1 1� 1 2� 1

2 8 3 6� 3 1� 3

2 4 2 2� 2 1� 2

2 5 8 3� 8 4� 8

4 8 1 4� 1 2� 1

Total Distance 102 68

Locality Metric 3.778 2.519
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Consider again the example program in Fig. 2. The
above algorithm reorganises the rows to generate
the matrix in Table 3, whose total distance is 41 and the
locality metric is 1.518, smaller than those of the or-
dering structures in Table 2. The resulting order of the
components is

3 4 8 5 2 1 7 6:

4.2. Performance

Step 3 of the above algorithm is the core of the al-
gorithm and is the most time-consuming part. Its im-
plementation in C is shown below:

MaxME � 0;

for (i� 1; i<N; i++) {
for (j� 0; j<� i; j++) {
InsertRow(InitMatrix[i], TempMatrix, j,

i);

if (CompME(i) > MaxME) {
MaxME � CompME(i);

pos � j;

}
}
InsertRow(InitMatrix[i], FinalMatrix,

pos, i);

}
where InsertRow(F[i], TempMatrix, j, i) inserts the
ith row of the matrix InitMatrix into the matrix
TempMatrix[i][N] at the position j. CompME calculates
the measure of e�ectiveness using the above equation.
The program involves four nested loops of the size up to
N. Therefore, the time complexity of the algorithm is
O�N 4�, which is quite acceptable. According to Mc-
Cormick et al. (1972), the ®nal groupings of the resulting
matrices are insensitive to how the initial row (column)
is selected (Step 2 of the algorithm) and their resulting
MEs have only fractional di�erences.

How is the above algorithm compared with the ex-
haustive approach which checks the locality metrics for
all row (column) permutations and ®nds the optimal
row (column) ordering based on the smallest locality
metric? An N � N matrix has N ! row permutations. The
time complexity of O�N !� is obviously unacceptable
when N is reasonably large.

To compare the actual performance of the exhaustive
approach with that of the BEA, we ran the implemen-
tations for both approaches. The running times on a
SPARCstation 20 for the two approaches when
N � 3±10 are shown in Figs. 3 and 4. The calling pat-
terns are the same for both ®gures, except that Fig. 3
depicts the performance for mixed calling frequencies
while Fig. 4 depicts the performance for uniform calling
frequencies (all equal to 1, i.e., for each calling frequency
in the former, if F 1

i;j 6� 0; F 2
i;j � 1 is the frequency in the

latter). With the former, the exhaustive approach for
N � 11 took more than 3 h while the BEA needed less
than 0.1 s. With the latter, the exhaustive approach for
N � 11 took more than 10 h.

4.3. Usefulness of BEA and other characteristics

To see whether the time is worth spending on ®nding
the optimal locality metric using the exhaustive ap-
proach, we also compare the locality metrics recom-
mended by the BEA and the optimal locality metrics
found by the exhaustive approach, with mixed calling
frequencies as listed in Table 4 and with uniform calling
frequencies as in Table 5. The mixed calling frequencies
are generated randomly and the uniform calling fre-
quencies are obtained by replacing every non-zero fre-
quency with 1. The calling structure of each test case in
Table 4 is the same as the calling structure of the cor-
responding test case in Table 5. The tables show that the
di�erences between the locality metrics found by the two
approaches are insigni®cant ± maximally 18% (Table 4:
®ve components) for mixed calling frequencies and
17% (Table 5: nine components) for uniform calling

Table 3

Resulting matrix with the ordering of 34852176

1 2 3 4 5 6 7 8

3 0 1 M 0 0 0 0 0

4 0 2 0 M 0 0 0 1

8 1 3 0 1 0 0 0 M

5 0 8 0 0 M 0 0 0

2 4 M 1 2 8 0 1 3

1 M 4 0 0 0 1 5 1

7 5 1 0 0 0 0 M 0

6 1 0 0 0 0 M 0 0

Fig. 3. Performance comparison of the BEA and exhaustive search

(mixed calling frequencies).

Fig. 4. Performance comparison of the BEA and exhaustive search

(uniform calling frequencies).
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frequencies. However, only the BEA approach is feasi-
ble for programs with a large number of components
due to its polynomial running time.

Further characteristics of locality metrics of di�erent
component orderings can be observed as the following:
· With varied calling frequencies and irregular calling

structures, the di�erences between the locality metrics
of randomly ordered components and those generat-
ed by the BEA are larger than those with more uni-
form calling frequencies.

· A general trend is that as the number of program
components (i.e., the size of the calling matrix) or
the complexity of the calling structure increases, the
locality metric increases slowly.

· The more the program components (i.e., the bigger
the matrix size is), the more impact the calling fre-
quencies may have on the locality metric. With a
small number of program components, changing call-
ing frequencies without changing the calling pattern
may not change the optimal locality metric. The
BEA may also generate the same locality metric
and thus recommend the same components ordering
as the optimal one.

· The components ordering of the optimal locality met-
ric and that recommended by the BEA are very sim-
ilar. In most cases, the di�erences lie in the ordering
of only two components, occasionally three.

5. Impact of logical structures

We have assumed that the program's logical structure
has been determined and cannot be changed, while the
program's components may be reordered in the program
listing. If, however, the calling relationships, i.e., logical
structures, can be changed with a minimal e�ort, how is
the locality metric to be e�ectively applied? This section
discusses some possible impacts of logical structures on
locality metrics.

Consider the following two logical structures: a
component calls a number of other components directly
(Fig. 5(A)) and the same number of components form a
calling chain with nested calls (Fig. 5(B)). Assuming the
same physical structure, i.e., the ®ve components are
placed in the order of 1, 2, 3, 4, 5 and the calling fre-
quencies all equaling 1, the locality metric for Program
A is �1� 2� 3� 4�=4 � 2:5, while that for Program B is
�1� 1� 1� 1�=4 � 1. The locality metric of Program B
is signi®cantly lower than the locality metric of Program
A. Our previous investigation has shown that the pro-
gram development time increases with an increase in the
levels of nesting (Gorla and Ramakrishnan, 1997). It is
obvious that Program B is much harder to debug and
maintain than Program A. Therefore, the above locality
metric alone is insu�cient in comparing programs of
di�erent logical structures for their debugging and
maintenance costs. Its de®nition needs to be revised to
cater for the situation when logical structures are al-
lowed to change.

The call depth is obviously an important logical
structure that directly a�ects the programmer's debug-
ging and maintenance e�ort. To take the call depth into

Fig. 5. Two di�erent calling structures.

Table 4

Original, BEA generated and the optimal locality metrics (mixed calling frequencies)

No. of components 3 4 5 6 7 8 9 10 11

Original 2.000 2.455 1.411 3.079 2.880 3.778 3.073 4.520 4.300

BEA generated 1.000 1.000 1.311 1.333 1.478 1.518 1.185 1.530 1.285

Optimal 1.000 1.000 1.078 1.325 1.402 1.481 1.129 1.498 1.206

Table 5

Original, BEA generated and the optimal locality metrics (uniform calling frequencies)

No. of components 3 4 5 6 7 8 9 10

Original 2.000 1.667 2.167 2.182 2.571 4.000 4.125 3.545

BEA generated 1.000 1.000 1.667 1.818 2.071 1.900 2.625 2.545

Optimal 1.000 1.000 1.500 1.818 2.000 1.800 2.188 2.409
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account, we introduce the concept of program height H,
which is de®ned as the maximum of the levels of all the
component calls in a program

H � max
i

max
j

Lij

� �
ÿ 1;

where Lij is the maximal number of components in-
volved in the calling sequence from the ®rst calling
component i to the last called component j. Therefore,
the program height is the maximal number of arcs be-
tween any two components in the program. For in-
stance, in the example program shown in Fig. 2, L18 � 4
involves the longest calling sequence from component 1
to component 8, and thus H � 3.

The locality metric can be rede®ned as the following

H
X

i

X
j

Dtotij
=
X

i

X
j

Fij;

where H is the program height. The locality metric for
Program A is now 2:5� 1 � 2:5 and that for Program B
is 1� 4 � 4.

Another factor associated with logical structures to
be considered in improving programmer productivity is
the component in-line technique, i.e., placing the called
component into the calling component. We call such an
action of program modi®cation flattening. We only
consider the simplest ¯attening, i.e., to ¯atten those
small components, each of which is called by only one
other component and is placed far away from its calling
component. The aim of such ¯attening is to minimise the
locality metric.

Considering again the same example program struc-
ture in Fig. 2, our algorithm ®nds the near optimal
component ordering of 34852176. It can be seen from
this ordering and from Fig. 2 that the distance between
components 2 and 3 is 4, while component 2 calls
component 3 only once. So the calling relationship be-
tween 2 and 3 is a good candidate to be removed (i.e.,
¯attened). After putting component 3 in-line of com-
ponent 2, the locality metric is further reduced, from
1.518 to 1.423. The resulting ordering remains the same
with component 3 removed, that is, 4852176. It should
be pointed out, however, that ¯attening may reduce the
component cohesion so that debugging a component
involving a ¯attened component may cost a little more
time than debugging the same component without ¯at-
tening.

6. Conclusion

Motivated by the recognition of the importance of a
program's physical structure, the paper has introduced
an important type of physical metrics, known as locality
metric. The locality metric measures the ordering and
relative positions of components in a program. The

adapted bond energy algorithm can guide the placement
of program components so that the relevant compo-
nents (having calling relationships) are placed together
or closer to each other in the program listing.

Our experiments with the implementation of the BEA
and that of exhaustive search for optimal ordering have
demonstrated the feasibility, usefulness, and e�ciency of
the BEA in ®nding a near-optimal ordering. The ex-
periments have also revealed some characteristics of the
algorithm and how it is a�ected by di�erent calling
pro®les (frequencies, regularity, etc).

With the algorithm implemented in a programming
tool or environment, the placement of program com-
ponents can be easily automated so that a newly coded
program or an existing legacy program can be properly
reorganized prior to the debugging/maintenance activi-
ties. A program visualisation tool that supports the
construction and display of call trees could be naturally
extended with the capability of automatic re-ordering of
program components, possibly with visualisation of the
re-ordering process.

The future work includes the empirical study of the
locality metric to ®nd how useful it is in software de-
velopment process, particularly in reducing the debug-
ging and maintenance e�ort. Such empirical studies will
also verify the impact of logical structures and the sizes
of program components, when considering calling dis-
tances. Our previous investigation has shown that the
optimal component size is about 50±60 lines of code
(Gorla et al., 1990). This is consistent with the physical
constraints such as the screen size. We will further in-
vestigate the e�ectiveness of the locality metric with
these physical constraints.
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