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Abstract—Empirical data concerning the qualitative and quantitative nature of program dependence is presented for a set of

20 programs ranging from 600 lines of code to 167,000 lines of code. The sources of dependence considered are global variables and

formal parameters and the targets considered are a program’s predicate nodes. The results show that as the number of formal

parameters available to a predicate increases, there is a decrease in the proportion of these formal parameters which are depended

upon by the predicate. No such correlation was found for global variables. Results from theoretical and actual computation time

analysis indicate that the computation of dependence information is practical, suggesting that the analysis may be beneficial to several

application areas. The paper also presents results concerning correlations that provide strong evidence that the global and formal

dependence sources are independent of one another and that the numbers of globals and formals are independent of the size of the

procedure that contains them. Finally, two visualization techniques for displaying dependence information are introduced. Illustrations

show how these visualizations and predicate dependence analysis can assist in activities such as testing, comprehension, and

evolution.

Index Terms—Dependence analysis, program slicing, program comprehension, software maintenance.
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1 INTRODUCTION

OF the many software engineering applications sup-
ported by source code analysis, a large number are

highly sensitive to dependences between program compo-
nents. However, despite its importance, there is little
published work on empirical assessment of the level of
program dependence expected, nor how it varies within
and between programs.

Results concerning dependence levels and trends are

important for dependence-sensitive applications. Such

applications can require considerable analysis effort (by

both humans and machines). For example, human program

comprehension is an inherently expensive task. Program

slicing [8], [21], [42], [65], [75] has been used to reduce this

expense, by focusing attention on a particular “slice” of the

source code [12], [15], [17], [36], [51]. Slices are constructed

using dependence analysis. The lower the dependence

level, the smaller the slice. Using slicing can therefore

reduce human analysis effort.
Automated analysis can be expensive too. For example,

consider the automated search for branch-coverage ade-

quate test data. Current tools do not integrate dependence

analysis [47], [56], [67], [70]. However, the potential savings

from dependence analysis are dramatic; linear dependence

level reductions cause exponential search space reductions.

This paper presents the results of an empirical investiga-

tion into the nature of program dependence for a set of

20 C programs. The goal of the study was to determine

typical levels of dependence, to identify dependence trends,

correlations and patterns, and to provide scalable visualiza-

tion techniques for depicting the dependencies present in

large programs.
The study focuses upon the extent to which a program’s

predicates depend upon two of their potential influencors

—the global variables in scope and the formal parameters in

the function or procedure which contains the predicate.

Predicates are chosen because they allow dependence to be

studied at a detailed and fine level of granularity, while

results obtained refer to a semantically important aspect of

the computation—the decision logic and control flow of the

program.
The principal contributions of the paper can be summar-

ized as follows:

. Results for dependence levels across 50,579 predi-
cates indicate that a typical predicate depends upon
approximately

- 72 percent of formal parameters in the scope,
- 48 percent of the global variables potentially

used or defined by a call to the predicate’s
procedure, and

- 2.4 percent of the global variables in scope.

These results are important for dependence-

sensitive activities such as test data generation

[16], [22], [31], [52], [53], [56], [67], [70] (where the

apparent size of the input space can be reduced by

dependence analysis) and program comprehension
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[6], [13], [33], [39], [55], [46] (where distinguishing

true dependencies from apparent dependencies

removes an unnecessary cognitive burden).
. The study provides evidence of a strong inverse

correlation between the number of formal para-
meters visible to a predicate and the proportion
actually used. There is no such correlation for
globals.

. The paper investigates correlations between sources
and targets of dependence, showing that the
dependence sources considered are independent of
one another and that, in general, the number of
formals available to a predicate is not dependent
upon the size of the function in which the predicate
occurs.

. Visualizations are introduced for human analysis
and interpretation of dependent proportions. The
visualizations summarize dependence information
about predicates, allowing trends and patterns to be
identified.

. The paper illustrates ways in which the visualiza-
tions can be used to guide program comprehension
and the human evaluation of software evolution.
The paper also shows how the analysis can assist
with reducing automated test data generation effort.

. Finally, the paper presents performance results from
the implementation of the dependence analysis
which show that the approach scales to medium/
large programs, making it practical as a support for
comprehension, test data generation, maintenance,
and evolution.

The rest of the paper is organized as follows: Section 2

outlines the experimental setup and Section 3 describes the

two visualizations used to view dependencies for large

programs within a single graph. Sections 4 and 5 describe
dependence ratios, levels and trends over all predicates
studied, and correlations between them. Section 6 shows
how the visualizations can help with program comprehen-
sion and evolution and how the predicate dependence
analysis introduced in this paper can assist with automated
test data generation. Section 7 considers threats to validity
of the findings. Section 8 shows that dependence analysis is
practical with regard to both its theoretical complexity and
the actual computation time for the implementation used
in the study. Section 9 presents related work. Finally,
Section 10 summarizes the paper.

2 EXPERIMENTAL SETUP

This section describes the experiential context and the
experiment’s instrumentation including the statistical tests
used and the data collection process.

2.1 Experiment Context

The study concerns 20 C language subject programs that
range in size from 600 LOC to 167K LOC. Three programs
were obtained from the European Space Agency (ESA),
while the remaining 17 consist of publicly available utilities
and application programs. Fig. 1 presents summary
information concerning the subjects.

2.2 Instrumentation

The study uses two statistical tests: Pearson’s linear
correlation and Spearman’s rank correlation. Pearson’s
linear correlation is used to construct quantitative models
of the data. Such correlations measure linear associations
between variables. The output is a correlation coefficient,
reported as the value R, and the coefficients of a linear
model. The statistical significance of R can be summarized as
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0.8 - 1.0 strong association, 0.5 - 0.8 moderate association,
and 0.0 - 0.5 weak or no association. A negative value
indicates an inverse correlation. For the effect of X, Y , and
Z on A, the resulting model coefficients, mi, belong to the
linear equation

A ¼ m1X þm2Y þm3Z þ b:

The statistical confidence associated with each coefficient
is denoted by a t-score; a t-score of 1.94 or greater is
considered significant. Spearman’s rank correlation is also
used. The Spearman test does not attempt to construct a
linear correlation between the two variables, but merely
gives a correlation value which indicates whether increases
in one variable are accompanied by increases in the other.

The dependence data was collected by a modified
version of the standard System Dependence Graph (SDG)
backward interprocedural slicing algorithm [29]. An SDG
represents a program as a collection of Procedure Depen-
dence Graphs (PDGs), the nodes of which represent
statements and predicates and the edges of which represent
control and data-dependences between nodes. Interproce-
dural dependence edges connect PDGs to form the SDG.
The final step in the construction of the SDG is the addition
of “summary” edges at call-sites. These transitive depen-
dence edges represent certain paths of dependence edges
through called procedures from nodes representing initial
parameter values to nodes representing final parameter
values.

Slicing “at a node” in the SDG means finding all the
statements which potentially affect the computation repre-
sented at that node. In terms of Weiser’s definition of a
slicing criterion, slicing at an SDG node n means slicing on
ðV ; nÞ, where the set of variables, V is the set of variables
referenced at n.

The formal parameters and global variables that poten-
tially affect a branch node b of procedure P can be
computed by slicing with respect to the node for b and
reporting the formal parameters and global variables whose

nodes are in P ’s PDG and the slice. It turns out that this
approach is inefficient because it needlessly considers

components from other procedures. It is also a mild
overapproximation in the presence of recursive procedures.
Therefore, the slicer was modified to compute “local” slices

[29], which only consider intraprocedural edges when
slicing. Local slices safely identify those parameters that

affect a predicate on a particular invocation of the
procedure.

Example. Fig. 2 illustrates the time saving and increased

precision resulting from the use of local slices. Only the
relevant subgraph of P’s PDG is shown (e.g., the output

of P is not shown). Consider the slice on “if B.” The
local slice used to gather predicate dependence includes
the bold vertices. The time saving is illustrated by this

slice as it traverses the summary edge (bold edge)
associated with the call on procedure Q. By contrast,

(pass 2 of) a full interprocedural slice would include
elements from Q and incur the cost of discovering them.
The increased precision is illustrated by the absence of

formal parameter A in the local slice. A “full” inter-
procedural backward slice, would (during pass 1),

traverse the bold interprocedural edge and eventually
encounter the node for formal parameter A.

For completeness, some details of the operation of
CodeSurfer when performing the data-flow analysis used
to build SDGs are presented. First, the pointer analysis

algorithm used by CodeSurfer is a modification of
Andersen’s algorithm [2]. The modification maintains the

same precision while decreasing the time and space
requirements [18]. The result is a flow and context
insensitive points-to analysis that is almost as fast as

Steensgaard’s algorithm [63], but provides a more precise
answer [61]. Unfortunately, flow or context sensitive points-

to analysis is hard [26], [54], [77] and, at present, does not
scale well. There is also empirical evidence that, for
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program slicing, improved quality points-to sets do not
have a significant impact on slice size [11], [49].

Second, it has been shown that structure-field treatment
has a potential impact on slice size [76]. This is best
understood by way of example. Consider the following
C code:

struct file_ops

{

int (*write_fn)();

int (*read_fn)();

} file1;

Assume write_fn potentially points to the functions
write_ext2 and write_nfs and read_fn potentially
points to the functions read_ext2 and read_nfs.
With structure fields expanded, the function call
(*file1.readfn)(� � �) potentially calls read_ext2

and read_nfs. With structure fields collapsed, all struc-
ture fields are treaded as a single variable and the call
(*file1.readfn)(� � �) potentially calls write_ext2

and write_nfs in addition to read_ext2 and read_nfs.
For programs with structures that contain pointers, and
especially function pointers, this collapse can significantly
increase slice size.

Arrays are passed to functions as whole structures. In
common with other static analysis techniques, it is not
possible (as it is in dynamic analysis) to consider individual
array elements separately. Rather, an access to any array
element is effectively treated as a may access to all elements.

For a predicate p, the dependent proportion refers to the
proportion of parameters that p depends upon. For two
predicates in the same function (i.e., two predicates having
the same number of parameters available) a lower
dependent proportion implies dependence on fewer para-
meters. In this definition, the term parameter refers to formal
parameters and global variables. Global variables are
further broken down into visible globals, those in scope at
p, and du-globals, the subset of the visible globals potentially
defined or used by a call to the function that contains p. This
distinction between du-globals and visible globals is
interesting because du-globals represent a first approxima-
tion to those globals upon which p depends. As will be seen,
this first approximation is rather crude.

3 VISUALIZATION TECHNIQUES FOR THE

DEPENDENT PROPORTION

Two visualization techniques are introduced to present
dependence information. In order to visualize dependent
proportions, three variables must be depicted:

. Predicate Count. The number of predicates sum-
marized by a data point. Data points summarizing a
larger number predicates carry more weight.

. Max-Parameters. The maximum number of para-
meters in scope (visible) at a predicate. Large
maxima are more interesting because of the greater
potential for savings from using dependence
analysis.

. Parameters-Used. The number of parameters that
affect a predicate according to the dependence

analysis described in Section 2.2. The smaller
this number the better for dependence-sensitive
applications.

In these definitions “parameters” refers to formals and
globals taken together. When only formals are being
considered the terms Max-Parameters and Parameters-Used
become Max-Formals and Formals-Used. Similar specializa-
tion is done when only globals are considered.

It is important to understand the difference between
max-parameters and parameters-used. In the absence of any
dependence analysis, every formal parameter and every
global variable must be considered to potentially affect a
predicate. Dependence analysis can reduce this number, but
by its very nature, must be conservative: determining
whether a formal definitely affects a predicate is undecid-
able. Therefore, a safe (conservative) approximation is
computed; parameters-used excludes only those para-
meters that can be guaranteed not to affect a predicate.

3.1 Dependent Proportion Visualizations

To visualize the data, two graphical devices are used: the
Dependence Skyline and the Dependence Bubble Chart. This
section describes these visualizations and illustrates their
interpretation for two of the smaller programs. Fig. 3 shows
formal parameter dependence data for the programs re-

place and prepro. The column labeled “Predicate Count”
indicates the number of predicates summarized in each row
of the table. For example, consider the third row (marked
“(*)” in Fig. 3). This row summarizes predicates in
procedures with three formal parameters. Such predicates,
by definition, are influenced by at most three formal
parameters. As shown in the “Predicate Count” column,
there are eight such predicates. For these predicates, the
average number of formals depended upon (shown in the
column labeled “Average Formals Used”) is 2.2. Compare
this row with the row immediately below it in the table. For
predicates with four formal parameters in scope, an average
of 3.6 actually affects the predicates. At first glance, this row
seems to be telling a similar story: most of the formal
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parameters affect each predicate. However, Row 4 is more
interesting than Row 3 because it summarizes almost six
times as many predicates. This highlights the importance of
the predicate count attribute.

The raw data summarized in Fig. 3 is shown in graphical
form using dependence skylines in Fig. 4. A dependence
skyline shows each predicate on the horizontal axis (sorted
by max-parameters and, within that, sorted by parameters-
used). The vertical axis denotes usage of parameters (both
the theoretical maximum and the actual count revealed by
dependence analysis). The “horizon line” which monotoni-
cally increases as it travels left to right across the top of the
dependence skyline indicates the value of max-parameters,
while the usage bars indicate the value of parameters-used.

For example, the data for predicates in procedures with
three formal parameters (marked with “(*)” in Fig. 3)
appears in the dependence skyline at points with X values
20 through 27 in the left of Fig. 4. Over this range, the
horizon line (showing max-formals) is horizontal and
represents all predicates with three visible formal para-
meters. The first six bars in this range have height 2, while
the last two have height 3. (This gives the average height of
2.2 as shown in Fig. 3.) Each bar in a dependence skyline
diagram summarizes a single static backward slice from a
single predicate.

With a small example like replace, the dependence
skyline replicates the tabular data in full detail. However,
for a larger example, like prepro, the dependence skyline
provides only a general feel for the raw data; it is unrealistic
to separate out individual bars due to the large number of
data points.

For larger data sets, dependence bubble charts can often
better display the three dependent attributes. In such charts,
the horizontal axis denotes max-parameters, while the
vertical axis denotes parameters-used. Thus, the line y ¼ x
represents the worst case (i.e., a predicate can reference no
more than the visible parameters). For reference, this line is
drawn as the solid line in all dependence bubble charts.
Also drawn is a dashed line that represents the linear trend
(computed using a linear least squares fit). Finally, bubble
size represents predicate-count.

For example, consider replace’s dependence bubble
chart for formal parameters shown on the left of Fig. 5. The
largest bubble summarizes the data from Row 4 of the table
in Fig. 3. Here, the average number of formals used by all
predicates from replace with four formals in scope is just
under 4. Recall from Fig. 3, the actual value is 3.6. Also, as
can be quickly seen, this bubble is considerably larger than
the others. In fact, it summarizes over half of the predicates
in the program. The second largest bubble represents
predicates in procedures with two formals (visually, these
can be seen to depend upon an average of approximately
1.5 of the two available formal parameters).

Compare this with the prepro dependence bubble
chart, which appears on the right of Fig. 5. Three important
facts can be readily seen. First, divergence from the solid
y ¼ x line very clearly highlights the tremendous savings
which occur from dependence analysis of prepro. Second,
the relative size of the bubbles indicates that most of this
saving is to be expected in procedures with fewer than five
formal parameters. Third, the dashed trend line indicates
that formals-used is effectively constant (independent of the
number of formals available). This trend line may have
important implications for subsequent maintenance and
evolution of prepro.

The dependence bubble charts and skylines for formal
parameter dependence of the 20 programs studied are
depicted in Figs. 6 and 7. The dependence bubble charts and
skylines for du-global dependence of the 20 programs
studied are depicted in Figs. 8 and 9. Results for visible
global dependence are less interesting and so these are only
summarized at the end of the next section.

4 TRENDS IN DEPENDENCE OVER ALL PREDICATES

One of the primary goals of this study is to determine levels,
ratios, and trends in predicate dependence. This section
reports key findings over all 50,579 predicates considered.
Three related questions are asked that inquire about
dependent proportion between predicates and first formals
and then the two kinds of globals. The first question to be
addressed is
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How does the dependent proportion change as the number
of available formal parameters increases?

As seen in Section 4.2, the answer, put simply, is that

As the number of available formals increases, the proportion
of these depended upon drops.

This is an important and optimism-inducing finding. For
example, impossibly large search spaces for test data
generators may present more tractable problems than
previously thought.

A similar question can be asked for globals. Sadly (but
importantly), it cannot be said. Not for visible globals nor
for du-globals. This provides some evidence for the
assertion:

Global variables are harmful.

That is, programs with a large number of global variables
may present intractable problems for dependence-sensi-
tive applications. There is a “silver lining” here: The
percentage of visible globals used by a typical predicate is
relatively low.

The data for formals is piecewise linear. Piecewise linear
data can be analyzed by introducing a new variable that
captures the pivot. For example, with a pivot of 10, this new
variable has the value 0 for the first 10 observations and has
the value x� 10 for all other observations. Thus, this new
variable separates out the effect of the data after the pivot.
In this case, the highest R-values are for pivots points of 8
and 10 (R ¼ 0:96 and R ¼ 0:95, respectively). There is little
to choose between these two. Visually, the split starts at
max-formals of 10, where the figures clearly show different
dependence profiles.

For this reason, the following visualizations are split into
two diagrams; one for values ofmax-formals less than 10 and
one for max-formals at least 10. This piecewise linearity is
starkly evident in the trend lines of the two dependence
bubble charts. The following two equations separate out the
two pieces. For values of max-formals below 10, the model is
formals-used ¼ 0:14þ 0:68�max-formals. For values of

max-formals of at least 10, the model is formals-used ¼
8:54� 0:16�max-formals. In essence, the number of for-
mals-used increases linearly at roughly 0:68�max-formals
until max-formals is 10, where formals-used begins a slight
decline, but is rather independent of max-formals.

The decreasing dependence on formal parameters, can
be readily appreciated visually in both dependence skylines
and dependence bubble charts. The dependence skyline for
all 50,579 predicates is shown in Fig. 10. The corresponding
dependence bubble charts are shown at the top of Fig. 11.

When considering du-globals, the trend line for globals is
just below the “y ¼ x=2” line and reflects the 48 percent
average usage (see the lower left of Fig. 11). The resulting
Pearson model is globals-used ¼ 0:47�max-du-globals� 13
with an R value of 0.83 (a strong linear association). For
visible globals, the R value of 0.40 indicates there is no
linear correlation. Thus, there are two possibilities. The
more likely case is that max-visible-globals is simply not a
good predictor of globals-used; however, it is it is possible
(but unlikely considering the visualization of the data
shown in the lower right of Fig. 11) that some nonlinear
relationship exists. These two models for globals are
important as they show that dependent proportions do
not fall as the number of available globals increases.

Finally, consider the relationship between max and
dependent proportion (i.e., percentage used). Scatter plots
showing this relationship for formals, du-globals, and
visible-globals appear in Fig. 12. Over all 20 programs,
there is strong evidence for an inverse linear correlation
between max-formals and dependence level. The resulting
trend line, which has an R value of -0.833, is captured by
dependence-level ¼ 86 percent� 2:8 percent�max-formals.
While this linear equation better explains the data, the
average dependent proportion for formals is about 72 per-
cent. These linear equations were produced using un-
weighted averages. The fit is almost identical when
weighted averages are used

ðdependence-level¼85 percent�2:7 percent�max-formals:Þ
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However, the R value for the weighted average is slightly

lower, �0:66 rather than �0:833.
No linear correlations exist for globals. When consider-

ing du-globals (Fig. 12b), R has the values 0.080. For all

visible globals (Fig. 12c), it has the value -0.27. Since there is

no linear correlation, the averages become more interesting

for globals than they are for formals (where a good linear fit

was found). On average, 48 percent of du-globals and

2.4 percent of visible globals are used.
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5 CORRELATIONS BETWEEN THE VARIABLES

STUDIED

This section presents the results of various statistical tests to

determine whether the values of interest in this study are

correlated. The results tend to suggest that most of the

variables of interest are not correlated to one-another. This

is important, because it means that the results from Section 4

really do suggest that the nature of dependence of predicates

upon formals is qualitatively and quantitatively different

from the nature of dependence of predicates upon globals.
Tests were run for correlations between the numbers of

nodes, edges, predicates, formals, and du-globals found in

each procedure. Over all 20 programs studied, there were

7,191 procedures, so each test concerns 7,191 data points.

Both Spearman Rank Correlations and Pearson Linear

Correlations were used. The only significant correlations

found are those where (as one would expect) increases in

the size of the procedure led to a corresponding increase in

the number of predicates and the number of du-globals.

Interestingly, there is no evidence to suggest that increases

in the size of a procedure are accompanied by correspond-

ing increases in the number of formals.
Fig. 13 shows the R scores for Pearson and Spearman

tests. Using Pearson’s test, the only linear correlation

(having an R score greater then 0.50) was between the

number of nodes and edges in a PDG (R ¼ 0:714). Because

nodes and edges are correlated, the remaining tests are

reported for nodes only. The values for edges are quite

similar; however, as the number of edges includes some

measure of the level of dependence in the procedure and

not just its size, the number of nodes is a better measure of

the size of the procedure.
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Using the Spearman test, in addition to the correlation

between nodes and edges, three other correlations emerge.

First, the number of predicates increases with the size of the

procedure, but, as the Pearson R value is low, this relation is

probably not a linear one. The remaining two relate the

number of nodes to the number of du-globals and to the
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sum of the number of du-globals and the number of

formals. In the final case, the number of du-globals being

typically far larger than the number of formals dominates

the statistics. The correlation with du-globals may seem

surprising at first glance. However, du-globals are, by

definition, “defined or used” in the procedure and, thus,

roughly track its size.
Many of the tests considered in this section resulted in

no correlation (neither strong nor weak being found). In

many cases, the absence of a correlation (nonbold values
in Fig. 13) is just as important as the presence of one.
These results establish that the number of formal para-
meters is not correlated to the size of the procedure and
that the number of formals and du-globals (the two
primary dependence sources studied) are independent of
one another. The observation of an absence of correlation
between the number of formals in a procedure and the
number of globals led to a set of further hypotheses about
the relationship between the dependence sources available
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Fig. 9. Dependence skylines for du-global dependence. The number appearing after the name of each program is the slope of the dependence trend.

Fig. 10. Dependence skylines for all 50,579 predicates.



to a predicate (max-formals, max-globals, and max-visible-

globals). No correlations were found, so a predicate which

has a larger than average number of formals available to it

does not necessarily have a larger than average number of

du-globals available, etc. This provides evidence that these

two dependence sources are independent of each other.

The results over all predicates in all programs are shown

in Fig. 14.
A test was also carried out for correlations between the

number of formals and the number of du-globals

available to a predicate in each program in isolation.1

The results are shown in Fig. 15. Here, there does exist

evidence of weak correlations for a few programs, but

there is little compelling evidence for a trend.
In addition to asking whether the available numbers of

each kind of dependence source are correlated, it is also

sensible to ask whether the number actually used by a

predicate are correlated. For example, it might be that,

while the max-formals and the max-du-globals are not

correlated, the number that the predicate uses are. If

detected, this would suggest that predicates can be thought

of as more or less dependent upon dependence sources

per se, and that the distinction between particular kinds of

dependence source is less important. Once again, however,

both Spearman and Pearson tests show no correlations,

yielding further evidence for the claim that the kinds of
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Fig. 11. Bubble charts for all 50,579 predicates. Note: scale of bubble size is different in each chart.

Fig. 12. Predicate dependence trends.

1. The number of visible globals is essentially identical for all predicates
in a program, so questions involving visible globals are not meaningful
when considering each program independently.



dependence source are independent of each other. The

results are presented in Fig. 16.
The overall conclusion from this series of investigations

into correlations between formals and globals is that the

evidence all points to the finding that sources of dependence

from formal parameters are wholly different in their nature

and behavior from sources of dependence from globals.

Combined with the findings from Section 4, it is reasonable

to conclude that there is a qualitative and quantitative

difference between formal and global dependence.

6 APPLICATIONS FOR DEPENDENCE

VISUALIZATIONS

This section illustrates the application of the dependence

analysis and the visualizations introduced in the paper.

Applications that potentially benefit from dependence

analysis and visulazations include program comprehension

including understanding software evolution [6], [33], [39],

[15], software surgery [17], testing including testability

transformations and automatic structural testing, [16], [22],

[52], [56], [70] array safety analysis, [12], and program flaw

identification [67]. Three of these are illustrated in this

section: Section 6.1 shows how the analysis of a predicate’s

dependence on formal parameters can be used to reduce test

data generation effort in evolutionary testing. Sections 6.2

and 6.3 show the application of the visualizations as support

and guidance for evolution and comprehension.

6.1 Application to Search-Based Test Data
Generation

Search-based test data generation uses search techniques

(such as genetic algorithms [27], [48]), to search for test data

which meets some chosen test objective. The test objective is

translated into a fitness function which guides the search,

by determining when one test case is closer to meeting the

objective than another.
More details about search-based test data generation can

be found elsewhere [31], [32], [47], [50], [56], [57], [68], [71],

[72]. For the work reported here, the important aspect of the

technique is that it is search based. The space of possible

inputs to the program or procedure constitutes the search

space from which search-based testing attempts to locate a

suitable test case. Consider, for example, the case of branch

coverage. The test objective is to find an input that executes

some branch of interest in the software under test. The

search space is formed from the set of global variables and

formal parameters available to the branch. For some chosen

branch, controlled by a predicate p, not all of the search

space will be relevant. Those global variables and formal

parameters that cannot affect the value computed at p can

be safely excluded from the search. In this way, the analysis
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used in the present paper can be used to augment search
based testing by reducing the search space size.

To explore the potential of this possibility, a simple

experiment was conducted, using the DaimlerChrysler

Evolutionary Testing System [70]. The system uses genetic

algorithms to search for test data that meet a variety of

criteria. For this experiment, the system was configured to

attempt branch coverage for the program shown in Fig. 17.

The procedure takes, as input, 16 values. The first six (in

variables a to f) affect the path through the procedure. The

remainder (in the array du) do not. By varying the size of

du, the effect of search space size can be investigated. In this

case, the size of 0 and 10 provide the ratio 6 to 16, which

approximates the average reduction for du-globals found in

Section 3. The version with 16 input values has a larger

search space, which potentially increases the test effort

required to find the “right” input values to hit all branches.

Predicate dependence analysis would determine that only

the six formals a to f need be considered, thereby reducing

the search space size and (hopefully) reducing test effort. To

explore this potential, test data were generated for the 6 and

16 input versions of the procedure. Finally, observe that in

this example, each predicate is dependent on two of the

parameters. If, however, for example, the second predicate

were nested within the first, then it would be dependent on

four parameters because the slice would include the first

predicate (via a control dependence edge).
Evolutionary algorithms are nondeterministic and con-

tain some randomness in their behavior. To ensure that
the results obtained were robust, data were collected from

10 separate trial runs of the test data generation system
for each of the two versions of the program. The results
are shown in Fig. 18. As can be seen, the optimized search
(with the reduced search space) requires far fewer fitness
evaluations. Here, the analysis of predicate dependence
assists with the discovery of branch adequate test data
generation. Even over all 10 runs, the worst-case effort for
the optimized version (the tallest gray bar) is far better
than the best case for the unoptimized version (the
shortest white bar).

Of course, this initial set of results indicates merely that
the approach is feasible and promising. A more detailed
investigation of the application of predicate dependence
analysis to search-based testing is the topic of ongoing and
future work. However, the initial results are encouraging,
particularly, since none of the current work on search-based
testing [31], [47], [50], [56], [57], [60], [68] uses search-space
reduction through source-code analysis.

6.2 Understanding Software Evolution

This section shows how the visualizations can be used to
explore software evolution. It presents a case study in
which two versions of the flex program were analyzed.
These will be referred to as the “earlier version,” flex-

2.4.7, and the “later version,” flex-2.5.4. In this
section, the global variable bubble chart visualizations
shown in Fig. 8 for each of the two versions will be used
to explore some of the changes between the two versions. In
this way, the section illustrates the way in that the bubble
chart visualization might be used to support understanding
of software evolution.

In general, looking at the bubbles in the global variable
bubble charts of two versions of a program, a shift of
bubbles to the right indicates that more globals are available
to a typical predicate, while a shift upwards indicates that
more globals (whether new or original) are being depended
upon. An increase in bubble size indicates that predicates
have been added.

Turning to the specific case of flex. A comparison the
du-global bubble charts for the earlier and later versions
shows both a rightward and an upward movement of
bubbles. In general, tool support is required to identify
comparable bubbles (those summarizing predicates of the
same functions) with certainty. In practice, it can be done
using only the visualizations with reasonable accuracy. For
flex, comparable bubbles show a right shift of approxi-
mately 20-30 du-globals. For example, the earlier version’s
farthest right bubble is located at 220 on the horizontal axis
(220 globals are available), while in the later version, the
corresponding bubble is located at 253 (indicating 253 glo-
bals are available). Something has happened during the
evolution of flex to increase the number of globals
available to these predicates.
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Next, consider the two groups of four bubbles that have
x > 100 and y > 20. That is, more than 100 globals available,
but only 20 used. In moving from the earlier to the later
version of flex, all four of these bubbles shift upwards (an
indicator of increased reliance on globals).

Any such up-shift should be considered a warning that
evolution has introduced potentially unwanted and un-
desirable data-dependencies. The bubbles direct attention
toward the relevant sections of the code and the slices taken
from it. For example, in the earlier version of flex, the slice
on if (performance_report > 0) from function read-

in includes 32 LoC and 1 global (performance_report).
By contrast, in the later version, the slice on this same
statement includes 567 LoC and just over 100 globals. This
is clearly a dramatic change in the dependence profile of the
program and it merits further investigation.

The source code was analyzed to explore the reason for
the increase in global dependence. It turns out that it had
three principal causes. First, evolution of flex has added
support for character class expressions; second, calls to

standard I/O functions were replaced by calls to custom

I/O functions; and, finally, there was an increase in

command line option error checking. Centralization of

I/O increases the interdependence between many of the

globals variables. The consequence is that any predicates

that depend upon some, tend to depend upon more of the

rest. The increased error check ensures, interalia, that certain

combinations of options are not permitted. Since these

options are encoded in global variables, the increased error

checking causes a dramatic increase in the number of

globals, both available to and genuinely used by, the

predicates. It also compounds the increased interdepen-

dence between globals.
Finally, all four bubbles that show significant up-shift

also show a predicate count increase (depicted as a bubble

size increase in the chart). For example, in yyparse, to

track the beginning-of-line (bol), the action “YY_USER_AC-

TION” from each switch case in the earlier version is

replaced, in the later version, by
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#define YY_RULE_SETUP \

if ( yyleng > 0 ) \

yy_current_buffer->yy_at_bol = \

(yytext[yyleng - 1] == ’\n’); \

YY_USER_ACTION

This results in the insertion of a new predicate into each
switch case.

Adding command line checking and character classes
were clearly a move to improve the functionality of flex.
The visualizations draw attention to these changes, but
whether they are justified will depend upon the perceived
importance of the improved functionality. However, the
centralization of I/O is more of a perfective maintenance
activity. It does not aim to improve functionality, but to
reorganize the software, presumably with the goal of
assisting further evolution in some way. The use of the
bubble charts draws attention the impact of this change and
raises questions about its justification.

6.3 Using the Visualizations to Assist
Comprehension

In addition to the patterns seen over multiple version of a
program, bubble charts provide visual clues as to abnorm-
alities within a program. In this section, two features that
stand out in bubble charts are explored in more detail.
These features, the existence of outliers and gaps in the
occurrence of bubbles on the horizontal axis, can aid in the
understanding potential trouble spots within the code.

Outliers are evident in the global dependence bubble
charts of ijpeg, barcode, gnugo, and flex2-5-4 (See
Fig. 8). The outliers are collections of predicates (all having
access to the same number of globals). However, all the
outlier predicates tend to come from a single function; thus,
in the following discussion “outlier function f” is often
used in place of “outlier predicates from function f.”

To begin with, ijpeg has a clear outlier in its dependence
on globals (the small bubble on the top right). This bubble is
from predicates for which the value of max-du-globals is

large. The top four functions from ijpeg, when sorted by
max-globals, are presented in Fig. 19. The outlier comes from
predicates in the function parse_args, which has 45 pre-
dicates with 84 globals available to them. All of these
predicates test for command-line options. Each is contained
in a for loop that depends (transitively) on 67 globals. As
each predicate is dependent on the for loop, each predicate
depends on 67 globals. A fragment of the code is presented
in Fig. 20. Interestingly, the other three functions from Fig. 19
are from the same file as parse_args. These three
functions all have very low dependence and contain very
few predicates (0, 1, and 2); thus, they produce the three very
small bubbles (dots) near the horizontal axis.

The second example with an outlier is barcode.
Barcode’s main function has 108 du-globals available
and 33 predicates. It looks like an outlier because its bubble
is much further to the right than the others. Further
investigation reveals that the call tree for barcode is broad
and shallow. The function main (transitively) calls all
functions. Therefore, it potentially uses all global variables.
Because the call-tree is broad and shallow, no other function
potentially uses such a large number of globals.

However, the main function appears on the trend line
for dependence. Its du-globals are those of its called
functions. It therefore has more du-globals available to it,
but depends upon a similar proportion of these to the
average for all the other functions. This can be contrasted
with the outlier for ijpeg that, not only had more globals
available to it, but contains predicates with a higher-than-
average dependent proportion.

The gnugo program has three bubbles that denote sets of
predicates with about 200 available du-globals, but that use
fewer than 10 of these. These are the three bubbles that
appear on the right hand side of the bubble chart, near the
horizontal axis. Each comes from a different file, but each is
an outlier for a similar reason; all call most of the program,
initialize a large number of globals, and contain predicates
that are largely unaffected by the initialized variables. Data
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for the three functions, corresponding to the three outlier
bubbles are presented in Fig. 21.

For example, the function main contains 320 lines of
code, 180 of that form a switch statement, used to process
command-line arguments. A fragment of code that illus-
trates this is contained in Fig. 22. This accounts for most of
the direct global uses. The remaining lines of main are
primarily concerned with determining the “play mode” for
the game.

The rest of the globals that main may use or modify
come from called functions. For example, main directly
calls function play_test (also an outlier), which poten-
tially uses 197 globals. This function is a test harness that
calls most of the rest of the program. Likewise, the function
do_move calls most of the rest of the program.

By contrast to barcode, gnugo has longer transitive call
chains in its call graph. This creates several functions,
(main, do_move, and play_test), which potentially
access a large number of globals. However, unlike barcode
(and ijpeg), the globals being initialized do not affect the
initialization process logic (i.e., its predicates). This explains
why the three bubbles are “unusually close” to the
horizontal axis.

The final outlier bubble chart is for flex2-5-4. Here,
there is one bubble on the “far right” (near x ¼ 17) that
touches the horizontal axis. This is an outlier, likely to draw
the viewer’s attention, since it contains a large number of
predicates potentially affected by a large number of globals,
but that turn out to be affected by very few of these
“potential” globals. The bubble corresponds to the function
make_tables, which has 174 globals available to it and
56 predicates. This function merely outputs information
including the values of many global variables. However,
these variables do not affect any of the 56 predicates (which
are used to determine that data to output). Furthermore, the
predicates are all linear (un-nested) and simple, for example,

if ( C_plus_plus ).

In addition to outliers, a number of the bubble charts for
global variables (see Fig. 8) show gaps in the occurrence of

bubbles along the horizontal axis. This occurs, for example,
in the global variable bubble charts for copia, findutils,
bc, and a2ps. Examination of the code reveals that these
were all caused by the occurrence of a set of mutually
recursive functions. For example, program bc has a gap
between the values 18 and 33 on the horizontal axis. There
are six bubbles to the right of the gap, which have varying
numbers of du-globals available to them. The data for these
six functions and the others in bc are presented in Fig. 23.

The call graph for these six functions is depicted in
Fig. 24. In bc, the function main calls try_file. As a
result, it has available to it, all the du-globals of try_file
together with a few of its own. Mutually recursive functions
have broadly the same number of du-globals available to
them since they are all in the transitive closure of each one’s
call graph. The reader may wonder why, therefore, the
three mutually recursive functions dc_func, dc_eval_an,
and dc_evalstr do not have an identical set of du-globals.
They do not because some of them contain killing assign-
ments to one of the potential du-globals. These killing
assignments occur before the value of the potential du-
global is referenced. In such situations, the dependence
algorithm used in this study does not include them in the
set of du-globals (a safe approximation since no predicate
can depend on the initial value of such a global).

In all the cases studied, the presence of gaps on the
horizontal axis was caused by the existence of mutual
recursion among a set of functions. Of course, the fact that a
program contains mutual recursion can also be determined,
quite naturally, from the call graph of the program.
However, the bubble charts allow for greater comprehen-
sion of the impact of such mutual recursion upon
dependence. Consider the six mutually recursive functions
in bc for an example. The size and vertical location of the
bubbles indicates the number of predicates involved and
the average dependence of these upon the set of du-globals.
For example, dc_func has a large number of predicates
(69) and they tend to depend heavily upon the set of du-
globals. By comparison, dc_eval_an and try_file have
very few predicates (1 and 4, respectively) and these
depend upon very few of the du-globals available to them.
This indicates, interalia, that dc_eval_an and try_file

will be easier to generate test data for than dc_func.

7 THREATS TO VALIDITY

For an experiment not involving human subjects, only two
potential threats to validity need to be considered. These are
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threats to external validity and internal validity. External
validity, sometimes refereed to as selection validity, is the
degree to which the findings can be generalized. In this
experiment, it is possible that the selected programs are not
representative of programs in general and thus results from
the experiment do not apply to “typical” programs. The
wide variety of programs used in the study helps to
mitigate this concern. As most of these are open-source
programs, it remains possible that nonopen source pro-
grams will exhibit different behavior.

Internal validity is the degree to which conclusions can
be drawn about the causal effect of the independent
variable on the dependent variable. In this experiment,
potential threats come from inappropriate statistical tests or
violations of statistical assumptions, inaccurate underlying
analysis, and the degree to which the variables used in the
study accurately measure the concepts they purport to
measure (a form of construct validity). The statistical tests
used were chosen based on past experiments and guidance
of those trained in statistics. This serves to mitigate the
possibility of an inappropriate test being employed. The
analysis assumes that program slicing can determine the
parameters used by a predicate. While, in theory, slicing
does this, in practice, there are potential implementation

issues. For example, the slicing tools used might contain an
error, or employ imprecise analyses (e.g., imprecise data-
flow analysis or imprecise points-to analysis). To mitigate
these concerns, the tools used were all mature and well
tested. These concerns could be further addressed by
replication of the experiment using alternative analyses
(e.g., Steensgaard’s pointer analysis) and alternative slicing
tools (e.g., Sprite [49] or Unravel [44]).

8 THEORETICAL AND ACTUAL TIME COMPLEXITY

The previous three sections show the significant benefits
possible using dependence analysis. However, these bene-
fits can only be realized if it is possible to compute the
dependence information in reasonable time. Fortunately,
this is possible. This section describes the predicted and
actual computational effort required to compute the
dependence information presented in Sections 3 and 4.
The algorithms takes as input and SDG. The construction
and complexity of building an SDG are described elsewhere
[29], [58], [18].

The algorithmic complexity of the analysis can be given
in terms of the size of a procedure, S, and the number of
predicates, P . The complexity of a brute force algorithm is
OðP � SÞ. This algorithm takes P slices, each having linear
(OðSÞ) complexity. It is possible to reduce this to OðSÞ
assuming Oð1Þ bit vector operations, by propagating bit
vectors over a topologically sorted DAG produced by first
finding strongly connected components (SCCs) in the
subgraph reachable from predicate nodes [64].

The actual data was collected on a PII 450 with 386Mb
memory using an implementation of the brute force
algorithm. The average time per predicate was 7.6ms.
Statistical modeling of the computation time shows a tight
fit with that predicted by its complexity. Using the sum of
the number of edges and nodes in a PDG as the size
measure, S, yields the following model (R ¼ 0:99995)

analysis time ðsÞ ¼ 0:17� P � S:

Furthermore, the t-score for the coefficient of P � S is
7,881, which, being much greater than 1.94, is statistically
significant. This indicates an excellent fit as seen the scatter
plot of actual and predicted time shown in Fig. 25. Note that
most of the points in the plot occur right on the line with
values less then 0.020.
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Fig. 23. Analysis of the gap in the bubble chart for bc global
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Fig. 24. Call graph of mutually recursive functions from bc.

Fig. 25. Actual computation time versus predicted computation time per

function.



Fig. 26 shows computation times per program and per
predicate for each of the 20 programs. The table separates
out from the total running time, which is dominated by
reading in the SDG, the time to perform just the dependence
analysis. Programs a2ps, and to a lesser extent sendmail,
are outliers in the per-predicate costs because they contain
rather large functions. For example, the largest function,
from a2ps, contains 34,252 nodes, which is more than the
total number of nodes for some of the mid-sized programs.

9 RELATED WORK

The analysis reported here was first presented by the
authors in a preliminary version of this paper [9]. The
analysis is a variable dependence analysis based upon a
modified form of a standard program slicing algorithm [29].
Slicing was introduced by Weiser [73] in 1979 as a code
extraction technique to determine, statically, the set of
statements that potentially affect a set of variables at some
chosen program point. It has since been extended to allow
for dynamic analysis [35] and conditioned analysis [13].
There are several surveys on slicing in the literature, which
cover slicing applications and techniques [8], [66] and
empirical results collected about slicing [11].

There has been considerable previous work concerning

program slice size and trade-offs between algorithmic

precision and slice size [3], [10], [24], [37], [43], [49], [55],

[62], [69], [79]. To some extent, these studies are also

concerned with program dependence, albeit, indirectly, due

to the way in which slices are constructed from a model of

program dependence [29], [75]. However, the work reported

here is the first large-scale study of predicate dependence.
The initial work on program slicing envisaged that slices

would be an end product, presented to the user, to assist
with comprehension [74] and debugging [45]. Much of the
subsequent work on slicing has concerned the extension of

slicing algorithms to cover language features such proce-
dures [28], jumps [1], [5], [14], [20], [38] and pointers [43],
[49], [54], [55], and to improve the efficiency of slicing
algorithms [3], [30].

The work reported in the present paper follows an
emerging trend in slicing research to use slicing analysis as
a means to an end rather than an end in itself. For instance,
previous work has shown that slicing can be used to
construct metrics for assessing cohesion [7] and coupling
[23]. Slicing has also been used as a support for software
testing [19], [22], [25], reengineering [33], [34], [40], virus
detection [41], and security [78]. In all these applications,
though the slices do influence the overall results, they are
“invisible” to the slice user.

There has also been previous work on using slicing and
dependence analysis in visualization tools. For instance,
Ball and Eick [4] developed a tool called SeeSlice, which
allows the user to see the entire text of the program at once
and to view the relative directness of dependence (in terms
of distance from the slice node in the SDG). Balmas [6],
developed a tool for dependence visualization, which
allows the user to view the whole system at a high level
of abstraction and to zoom in on particular aspects of
dependence. Rilling [59] uses a hyperbolic tree (a kind of
“fish eye view”) to allow dependence information to be
displayed in such as way that the size of the view
corresponds to the focus of attention; less important details
appear at the edge of the tree, where they are barely visible,
while important dependencies appear much bigger.

All these visualization techniques are concerned with
managing the sheer quantity of information present in a
large system when one wishes to display all dependencies.
The work reported here differs from this previous work on
dependence visualization because it does not aim to show
the dependency relationships themselves. Rather, it shows
the impact of the dependencies upon the predicates of the
program. The goal of the bubble chart is to allow
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observations to be made at a high level about the effect of
dependence upon the predicates (and thereby the control
logic) of the program.

10 SUMMARY AND FUTURE WORK

This paper presented results from a study of 50,579 pre-
dicates in 20 C programs ranging from 600 lines of code to
167,000 lines of code. In general, it found that a typical
predicate depends upon 72 percent of the formal parameters
in the scope, 48 percent of the global variables potentially
used or defined by a call to the predicate’s procedure, and
2.4 percent of the global variables in scope.

The study discovered a strong inverse correlation
between an increase in the number of formal parameters
visible to a predicate and the proportion actually depended
upon. There is no such correlation for either kind of global
variable. The results of analysis for correlations provide
strong evidence that the global and formal dependence
sources are independent of one another and that the
number of formals is independent of the size of the
procedure that contains them.

It was shown how predicate dependence analysis can be
useful as a supporting analysis for search based software
testing. The analysis allows the search space to be reduced
with a consequent decrease in the effort required to
generate test data. More work is needed to provide a full
evaluation of this potential application, but the initial
results are encouraging.

The paper also introduced two visualizations for human
analysis and interpretation of dependent proportions:
bubble charts and skyline diagrams. It was shown that the
bubble chart visualization can help with comprehension, by
directing attention to code features that cause interesting
properties in the visualizations, such as “gaps” in depen-
dence and outlier bubbles in the bubble charts. It was also
shown, for example, that bubble charts are useful in
supporting the analysis of change between different
releases of a system.

Future work is required to explore these possibilities

fully and to consider other possible applications of the

analysis techniques used. For instance, consider the situa-

tion where a function has an unusually large number of

formals, with an unusually low dependence of predicates

upon the values of these formals. Such a function would

show up as an outlier on the formal parameter dependence

bubble chart. It might be that this suggests a possibility for

refactoring; the function needs to be split, with subsets of

the original set of formals in each subfunction. The

dependence analysis might be a guide, both to the

identification of candidates for refactoring and to the

determination of “cut points.” Finally, future work will

consider the correlations between the results of dependence

analysis and other indicators of qualities of the software

such as maintainability, reliability, and testability.
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