An Empirical Study into the Effect of Data Flow Structure on Program
Comprehension

Hong Yul Yang, Ewan Tempero
Department of Computer Science
The University of Auckland
Auckland, New Zealand
{hongyulewar} @cs.auckland.ac.nz

Abstract stitutes complexity, the simplest of them being size, si&ch a
lines of code. More sophisticated views involve structure,
Program comprehension is a critical part of software such as control flow or data flow to capture the interaction
maintenance, an activity that bears a large part of the life- between program components.
time cost of a system. Studies suggest that program struc-  Different views of complexity are thought to have dif-
ture affects our ability to comprehend systems, with oneferent effects on program comprehension. For instance,
such structure being data flow. We present the design ancthe Cyclomatic complexity number [14], which measures
results of an empirical investigation into how a specifiafor  the number of distinct linearly independent paths through a
of data flow can predict the effort of comprehension. The function, is thought to indicate the effort involved in prop
study consisted of two experiments, which were carried outerly testing the function. On the other hand, spatial com-
on software engineering and computer science students aplexity [7], which is a measure of how “lexicographically”
the University of Auckland. The results suggested that onedistant the program elements under comprehension are, is

of the major factors impacting comprehension effort was the thought to indicate the effort involve in developing a ménta
effect of branching and interleaving data flow paths. model of the code.

We have previously introduced our notion of complex-

ity based on data flow [21, 20]. We believe that this notion
1 Introduction directly relates to certain aspects of program comprehen-
sion as many comprehension tasks involve following data
The maintenance of software constitutes a significant 1OW Paths. The guestion we have been trying to answer is

part of the lifetime of a software system [18, p606]. If exactly how does thetructureof data flow relate to com-

we are going to reduce the cost of maintenar’we we mustrehension effort. The issue is that as our previous studies
better understand the factors that affect this cost. Progra hhaw(aj shof\llvn therg arehmde_lfr;y different ways to characterise
comprehension is a critical part of any maintenance activ- '€ data flow, and each different way may impact compre-

ity, and so we believe it is important to understand how as- Nension differently (if at al).
pects of code affect our ability to comprehend it. Fromthe ~ We have developeekplanatory modelproviding an ex-
ear|y days of princip|es of software deve|0pment, program planation of how the structural characteristic of data flbw a
structure has been believed to influence our ability to com- fects the effort involved in a particular comprehensioktas
prehend software [23], however the exact relationshipis no In this paper, we report on the first set of experiments in
well understood. This paper presents an empirical studyour research programme to determine which of our mod-
examining how a particular form of structure impacts com- €ls best predict what happens in the real (empirical) world.
prehension. Each experiment simulates several maintenance scenarios
It has been long thought that “complexity” is what makes of following data flow paths to trace the source of the prob-
things difficult to understand. For example, Banker et lem. The independent variables are the different strusture
al. equate “software complexity” with “difficulty in under- of data flow paths, and the dependent variable is the effort
standing” [1]. But the actual relationship is difficult to-de required to trace the problem.
termine, in part due to the uncertainty as to how to measure The rest of the paper is organised as follows. In the next
complexity. There are various views on what exactly con- section, we introduce the maintenance problem that moti-



vates our study and summarises related work. Our modelsvorth mentioning is Ricca et. al's investigation into the ef

relating data flow to comprehension effort is described in
section 3. In section 4, we present our experimental design
including the hypothesis being tested, artifacts and proce
dures. We detail the results of the experiment in section 5
along with some statistical analyses. In section 6 we d&cus
the implications of the analyses and potential threatsdiv th
validity. Finally, section 7 presents our conclusions.

2 Background
2.1 Data flow maintenance problem

Consider the program in figure 1. At its current
state, executing the program will lead to a failure within
D. More specifically, aNul | Poi nt er Excepti on is
thrown when it attempts to deference the value of the feld
in the print statement at line 7, which turns out torhg | .
This is due to the fact thatraul | value was passed @s
constructor, which is called from two places in the code:
line 4 in Aand line 3 inF. In both cases, theul | value is
from Cs field st r , which is in turn set to the parameter of
C's constructor. The call to this constructor is in line 48)f
and we see that its argumenti t has not been initialised.
This example should be a familiar one to all programmers.

In this example, we observe thBs failure to initialise
its fieldi ni t caused a failure to occur Bt In other words,
by changingB so that the problematic field is initialised to
some value, we can stop thvell | Poi nt er Except i on
in D, which goes to show th@ is dependent oB. Further-
more, the fact that there is no evident connection betvBeen
andD— for example, deleting or renamirwill not cause
the compilation oD to fail (which implies that there is no
compilation dependence, even transitively) — suggests tha
the dependency is non-trivial to detect.

This was in fact the motivation for studyimgdirect cou-
pling [21, 20]. We have argued that coupling in the form of

fect of the use of UML stereotypes on comprehensibility
J16], which shares a similar experimental design approach
and means of analysis with ours. There is also the study by
Harrison et. al of how use of inheritance affects maintain-
ability, which in their terms refers specifically to compre-
hensibility and modifiability [8]. Mathias et al. comment
that many appear to pay little attention to structure ane rec
ommend that studies control for this attribute [13]. Much of
the other work relating to program comprehension involves
development of tools and support the comprehension pro-
cess, such as software visualisation techniques, and often
involve studies to determine their usefulness (e.g., [10])

There has been a number of empirical studies on corrob-
orating varying notions of complexity with comprehension
effort. The aim of these studies were to investigate whether
a given complexity measure is a valid predictor of compre-
hensibility. For instance, a study by Yang et. al [22] looks
at the complexity profile graph metric, which quantifies as-
pects of control structure, and its effect on response time
and error rate of maintenance tasks performed. Coupling is
another closely relevant structural attribute that isfiexttly
associated with comprehensibility, and there are a few stud
ies specifically examining that association, for example, a
study by Harrison et al. [9]. They examined two coupling
metrics, CBO from the Chidamber and Kemerer suite [5],
and their own Number of Associations metric. They found
no relationship between either metric and comprehensibil-

ity.

Our notion of data flow complexity, along with the afore-
mentioned spatial complexity [4, 7], share a common link
that is the characterisation distanceand its association
to comprehension effort. The distinction here is that in our
case the distance is measured in terms of the number of el-
ements along the data flow path.

the above has an effect on maintenance effort, especially in

understanding and modification. The above example is also
a program comprehension task, as to complete it requires

an understanding of all parts of the code that are involved
in the data flow. To identify and trace these requires effort,
and this led us to study the exact relationship (i.e. between
data flow and effort) thereof.

2.2 Related work

Our study has been in examining how structure impacts

Prior studies into the notion of dependence via data flow
include “ripple effects” [3], which also deals with change

propagation through data flow paths. Another closely re-
lated concept is program slicing [19], which is a technique
for finding the parts of a program that can influence a given
value at a specific point in the system. There have been
several empirical studies trying to relate slicing with com

prehension [2, 6]. However we find that these studies focus
onwhetherslicing helps comprehension, and there is a lack
of detailed insight intdhowslicing helps programmers un-

program comprehension. While there have been many em-derstand structure in such a way that reduces the effort of

pirical studies related to program comprehension, most fo-

comprehension. For this, we believe that we need to know

cus on what processes and techniques programmers use toow the structure associated with slices affects comprehen

understand code (e.qg., [15, 11]). Of these, a particulalystu

sion, and this is the line we are taking.



1 public class A { 1 public class B {
2 public static void main(String[] a) { 2 static String init;
3 Cc = B.create(); 3 public static C create() {
4 D d = new D(c.get()); 4 Cc = new C(init);
5 d. doDX(); 5 return c;
6 E. doE(c); 6 }
7} 7}
8}

. T-public class D {
1publ!cclassp{ . 2 priwvate String s;
2 private String str; 3 publ i cB(String s) {
3 public String get() { . .

4 this.s = s;
4 return str; 5 }
5 1} 6 . .
. . S public void doD() {
S P his. ey e et T stemoutprintin(s Brin0);
8 } 9}
9}
1 public class E|{ 1 public class F {
2 public stati¢ void doE(C c) { 2 public void doF(String string) {
3 F f = new if(); 3 D d = new D(string);
4 f.doF(c.get()); 4 d. doDX);
5 1} 5 }
6} 6 }
Figure 1. Null tracking example with superimposed data flow p aths
3 Models relating data flow and effort The following gives a definition for each model. In this

definition, Paths denotes a set of all data flow paths a given

The type of comprehension problem presented in figurevalue can follow. Nodes and Edges, respectively, are a
1 is the focus of our study. Looking back at this program, Set of nodes and a set of edges that lie within the paths in
we observe thab andB are connected by data flopaths Paths. Note that the symbak used here denotes “associ-
The print statement iD usesa value, that islefinedin B. ation”, not necessarily a linear correlation as it would mea
The arrows superimposed on the code indicate the individ-in the strict sense. We do not want to commit to a predic-
ual usage-definition relationships between the two classestion on the exact nature of each relationship until we know
We can expressomprehension effoih terms of the cog-  More.
nitive load of tracing the chain for theul | value used in
D. This involves navigating between different statements,
methods and classes that lie within the path. The fact that
there are two different paths froBito B also gives rise to 2. Effort Zpepaths length(p) — i.e. effortis asso-
the question of whether it would be easier if there were just ciated with the sum of the lengths (measured in number
one single path, or conversely be harder if there were even  of edges) of all paths in the sBtlges This model con-
more paths. Complex paths could incur cognitive load due  trasts the above in that it implies that paths are likely
to the need to keep track of different branches in the pro- to induce more effort when they are longer.
grammer’'s memory. ) ] . )

In [20] we proposed ways to quantify these data flow 3. Effort « |Edges| —i.e. effortis associated with the

1. Ef fort « |Paths| —i.e. effortis associated with the
number of paths (size of the sBuths)

paths to reflect effort related to this form of comprehen- size of the seffdges. This model contrasts the above
sion. To do this we created several possible models, each N that having more and/or longer paths does not nec-
associating a different attribute (essentially a measofe) essarily mean more effort. According to this model,
data flow structure with comprehension effort. The struc- if several paths largely share the same edges then they
ture is represented as a graph representing data flow of the ~ ©N the whole would not require as much effort as when
coupling relationship, where edges correspond to indadidu they are more “dispersed”.

usage-definition relationships between program elements,
which are represented as nodes. Here, the program ele-
ments can either be statements, basic blocks, methods or
classes, depending on tlgeanularity involved. The con- Granularity adds another layer of concern to the above
cept of granularity is explained further on. models. Granularity determines the level at which the

4. Effort < |Nodes| — i.e. effort is associated with
the number of nodes (size of the 2ébdes).



counting should be done. For instance, consider the data  and yet any set of measures foare greater than those
flow path in figure 1, which goes through the methods for B at theclasslevel; the effort required to compre-
B.create(), C set(), C.get(), A main(), the hendA is no greater than that required f8r

constructor oD and finallyD. doD( ) . The length of this

path would be 5 when counted at tirethodlevel, or 4 at 4.2 Experiment arrangement

theclasslevel. Now take another data flow path, which goes

through the same number of methods (5) as the above butall We ran two separate groups of experiments, where the
within a single class. Should we expect the effort required first was to test id; and H); and the second was to test
to trace these two paths to be the same because they havd0;. This, as opposed to testing them in a single experi-
equal lengths at the method level, or expect the latter pathment, was done primarily due to practical considerations.
to require less effort as it takes place within a single flass We knew from initial trials that each experimental session
The only way to find out is to test the interaction between on average would take around 1.5 to 2 hours, which was

different granularity levels. the upper bound on how much time the participants were
willing to commit themselves to, given the voluntary nature
4 Experimental Design of the experiment and the limits on the incentives we could

provide them (each participant received a movie voucher).

Kitchenham et al. have recently made recommenda- The experiment participants were drawn from present

tions on the research and reporting processes for empirica hned c]:)cermﬁ:erSt:gzgfe Ztndth:oflgjvc;gri;y ir?;e’?itliCkl[?Lg? Irno-
studies in software engineering [12]. These recommenda- rammeg They were mostly current stl?dents a?their gnd
tions have motivated our studies and guided our presenta—g ‘ y y '
tion here 3rd and 4th years, but also included several graduate stu-
' dents and alumni working in industry. We advertised the
experiment through mailing lists, department notice bsard

4.1 Hypotheses and announcements during lectures.

Our goal _is to determ_ir_le whether (if any) one of the 4.3 Artifacts and treatments
models predicts the empirical world better than the others.
While we eventually would like to test all of the models,
for the scope of this study we focus on a subset of these.
We focus on two of the models described above — 1 and 3For the first experiment, we created four programs, desig-
— and also investigate the effects of granularity. For 1, we nated Phi, Lambda, Sigma and Delta. We named them in
isolate the number of paths and ask whether comprehensiothis way in order to avoid possible bias. The structure of
effort truly varies according to varying numbers of paths. the programs are illustrated in figure 2, where nodes in the
For 3, we isolate the number of edges and ask whether comgraph correspond to classes and edges correspond to data
prehension effort truly varies according to varying nunsber flow. We divided the programs into two pairs, each of which
of edges. For studying the effects of granularity, we fo- was a basis to test the appropriate null hypothesis: the pair
cus on the interaction between two distinct levels: method- Phi and Lambda is associated wittd+l while the other
level and class-level. Here, we control the measures atpair Sigma and Delta is associated witldsH In the ac-
the method level and ask whether varying the measures atual code, we inserted some auxiliary classes (apart from
the class level affects comprehension effort. We formulate those implied in the figure) that did not contribute to the
these tests in terms of the following null hypotheses: main structure shown above in order to control the size of
the program as a whole. For each program there was a des-
ignated“start” class, which is where a particular value is
used, and multipléend” classes which contain operations
that eventually influence (define) this value. A fault was in-
jected to one or more of the end classes such that it causes
a failure on the start class, and this created the basisédor th
comprehension tasks described later on.

The programs for the second experiment had the same
basic setup as those for the first. They were designated Beta,
Nu, Epsilon and Omega, and their structures are presented

4.3.1 Programs

HO0; (Effect of number of paths on effort) : Given two
programsA andB whereA has more paths thas) the
effort required to compreherfilis no greater than that
required to compreherisl

HO0, (Effect of number of edges on effort): Given two
programsA and B, whereA has more edges thds,
the effort required to compreherdis no greater than
that required to compreherd

HO0s (Effect of granularity on effort) : Given two pro- in figure 3. Here, each node in a graph corresponds to a
gramsA andB, whereA andB are equivalent in terms  method, whereas an oval enclosing a group of nodes rep-
of the measures (paths, edges, etc.) attbthodevel, resents a class containing the corresponding methods. The



. Beta Nu
Phi Lambda PathstM)=8,  Paths(C) = 8 Paths(M) =8,  Paths(C)=8
Edges =6 Ed?nes =6 Lengths(M) =29, Lengths(C) = 29 Lengths(M) =29, Lengths(C) = 29
[ ?ns -5 Paths = 1 Edges(M) =17, Edges(C) = 17 Edges(M) =17, Edges(C)=17
U Nodes(M) =18, Nodes(C) =18

Sigma Delta

Ed =15 Edges = 10 A

Pathe=4 Paths = 4 Epsilon
Paths(M) =8,  Paths(C) =8 Omega
Lengths(M) =29, Lengths(C) =29 Paths(M) = 8, Paths(C) = 8
Edges{M) =17, Edges{C)=7 Lengths(M) = 29, Lengths(C) = 15

Edges(M) =17, Edges(C) = 10
Nodes(M) =13, Nodes(C)=7
c

Figure 2. Data flow representation of the two
pairs of structures under test for first experi-
ment

Figure 3. Data flow representation of the
structures for second experiment:  measuréM)
and measuréC) denote the measureat method-

edges again represent data flow. In this experiment, each ;.4 class- level granularity, respectively.

program represents a different means of coalescing meth-

ods into classes, and this is reflected by the differences be-

tween the measures at the method-level and those at the

class-level. Notice that the data flow structures for alkfou It can be seen that there is no specific meaning to the
programs are topologically equivalent at the method level. names of classes, methods and variables used in the pro-
Furthermore, for each program, different sets of measureggrams. The artificiality of the programs was a control mea-
are varied across the two granularity levels, while at the sure so that we could focus solely on the structure of data
same time the complementing sets of measures are equand control flow. This also meant that the programs on the
at both levels. The program Beta is considered a baselinewhole were not designed to perform any particular realistic
case, where all the measures for the program are equivalentask. We discuss the issue of artificiality in section 6.

at both method and class granularity levels. In Nu, only
the number of nodes is varied across granularity, whereas in
Epsilon, both numbers of nodes and edges are varied, ané"s'2 Tasks

in Omega, all measures except for the number of chains ar@ye created tasks to define the comprehension activities. A
varied. task was created for each of the programs under test and it
All programs were automatically generated from a de- required the participant to trace the location of the faslt a
scription of the different models they correspond to. The described above. We employed a cross-over design where
description is in the form of a graph that details data flow all participants had the complete set of treatments, withou

and some basic control structures between classes. Figurany indication or implication of how they relate to the hy-
4 shows some examples of the classes that were generategothesis. One of the reasons for doing this was to utilise
Here, class(is the “start class” where a failure occurs due a small sample size. Another reason was it would allow
to the value ofanza being negative. Clasg is one of the for a more meaningful result as we were interested in the
classes that provide this value and depending on randontomparative difference within the individual, more so than
factors the value could have been originated from either the difference between the collective absolute times acros
a return from callingR. hi ati cul a() or the parameter individuals. The orders of the treatments however were ran-
edl u. domised to avoid learning bias.



public class X {

public static void rosenthal (int cech) { iarise themselves to the environment. On everyone’s com-
doubl e anza; _ pletion of the primer task, a debriefing session was given,
Sy atom oat oyt Nt b et t (o ceom ) which explained the correct solution. The necessity of this
} was prompted by trial experiments that were done to check
! the experimental design. They identified a problem that par-
public class z{ ticipants often gave an answer that indicated lack of under-
Pt gy © Vo rrehdlint ediw standing of the task, and so the debriefing was introduced to
int rand = (int) (Math.random() * 2); deal with this.
Sortop, (rand) o Following the debriefing, the participants were in-
grraggk; R hiaticula(); structed tp proceed with the _ac_tual task_;. For egch task, the
case 1: were to first read the description detailing which program
gfggk? edlu; the task concerns and what the p_roblem is, start_the timer as
' soon as they were about to begin comprehending the pro-
X.rosent hal (mang) ; gram, and then stop the timer as soon they have worked out
} ) their answers.

A short interview was carried out for each participant
after they have finished all of the tasks to profile their com-
prehension methods and their perception on the relative dif
ficulties of the tasks.

Figure 4. Example of generated code

In addition to the main tasks, two extra tasks were cre-

ated, neither of which were to be factored in the analysis.5 Results
The first task was the “primer” task, which required the par-
ticipants to carry out an activity similar to that required b

the main tasks, except on a small program with a more in-
tuitive construction than that of the programs for the main
tasks. The goal of the task was to familiarise the partici-  The first experiment had 22 participants over 6 sessions.
pants with the experimental setting. A second task was setFor each of the 22 participants we collected the times they
up with a similar intent, butin this case the participantsave took to complete each task along with the correctness of

5.1 First experiment

unaware of the fact that it was a “dummy” task. their solutions. This information is summarised in table
1. For incorrect solutions, the times are shown in boldface
4.4 Procedure italic. We see that on average (median), the participants

took a longer period time on Phi than on Lambda. They
The experiments were run across several sessions to aclso took a slightly longer period of time on Sigma than on
commodate for the availability of the participants. The Delta, butthe difference does not appear to be as significant
participants were restricted to the use of the Eclipse IDE as that between Phi and Lambda.
(integrated development environment). They were also re- The times for both Phi and Lambda are comparatively
quired to use a web-based application, called TimeTracker,more widely spread than those for the Sigma and Delta pair.
through which they were to record the time they took to In particular, there is a notable outlier (participant nemb
solve each task. 6) within the elapsed times for Phi, which contributes con-
Before the experiment began, the participants were askedsiderably to the large standard deviation. Yet the timertake
to fill out a demographic questionnaire on their educa- for that participant to complete the other three tasks was
tional background, programming experience and program-not out of line with that for the rest of the participants. A
ming ability (reflected by grades attained for courses with possible explanation for this is the fact that the particula
large programming components). participant was still adapting to the experimental setting
The experiment began with a briefing session that gave We see that there were more incorrect solutions given to
them an overview of the steps they have to follow and the Phi than to Lambda. Also, there were more incorrect solu-
environment they were restricted to. A brief tutorial was tions given to Sigma than to Delta, which in fact everyone
given to make sure that they were on even playing field answered correctly. Factoring out the times for participan
with respect to the environment. The tutorial covered somewho gave incorrect solutions does not appear to affect the
useful navigational features in Eclipse (e.g. call hiengrc average. Only for Lambda is the average time for incor-
searching) and the use of the TimeTracker web application.rect solutions notably different from the general average,
After the briefing, the participants were prompted to start but since there are only two it is difficult to say whether this
on the primer task and asked to use the opportunity to famil- is significant.



| Participant | Phi Lambda || Sigma Delta] [ Pairs | W] N] o] z]| p(1t) |

1 314 234 239 388 Phi vs Lambda 137 | 22| 61.60| 2.22 | 0.0134

2 147 179 537 618 Phivs Lambda (C) | 67 | 13 | 28.62| 2.32| 0.0101

3 292 652 449 316 PvsL* 115| 21| 57.54| 1.99 | 0.0233

4 289 187 285 329 PvsL*(C) 54| 12| 25.50| 2.10| 0.0179

5 779 331 676 645 Sigma vs Delta 39| 22| 61.60| 0.64 | 0.2607

6 1541 306 256 349 Sigmavs Delta(C)| 10| 16 | 38.68| 0.27 | 0.3930

7 846 383 449 344

8 135 227 340 193 Table 2. Wilcoxon signed-rank test for Phi-

9 645 370 527 572 Lambda and Sigma-Delta pairs

10 446 221 790 390

11 294 542 412 478

12 625 631 377 190

13 375 412 388 583 Sigma against those for Delta over the whole sample. The

14 260 147 619 479 final column shows the test applied to a subset of the sam-

15 351 143 370 527 ple who have given the correct solutions to both. The row

16 477 131 201 123 W in 2 shows the sum of the signed ranks according to the

17 434 179 600 469 Wilcoxon test. The following rows show the sample size,

18 455 270 487 279 standard deviation and z value respectively. The last col-

19 382 347 683 279 umn shows the p-value for a directional test.

20 357 145 534 666 According to the p-value of the first column, that is, test

21 716 260 393 464 between Phi and Lambda over the whole population, we can

22 377 631 373 555 reject the null hypothesis(H comfortably beyond the 0.05

Median 3795 2651 4305 427 level. We observe that the significance actually increases

Median(cor.) 366 247 421 427 if we factor out incorrect solutions. Also, discarding the
Median(incor.) 440 5865 4495 N/A aforementioned outlier participant still gives a significa

that allows us to reject &4 at the 0.05 level. Furthermore,
the positive signed-rank test suggests that Phi requires mo
effort (time) than Lambda. On the other hand, the test be-
tween Sigma and Delta did not yield a significant result. It
still showed that Sigma had a higher rank sum than that of
Delta, the difference was not great enough to allow us to re-
ject the null hypothesis &4 (“Sigma does not require more
d.effort than Delta”) at the appropriate level.

Table 1. Elapsed times in seconds for all
tasks. Times in boldface italic correspond
to incorrect solutions

Our goal is to see if the null hypotheses can be rejecte
Specifically, we need an appropriate method that allows us
to find out whether there is a significant difference between5.2  Second experiment
the times for a pair of programs. Since the distribution ef th
data is unknown, suggesting a non-parametric test, and we For the second experiment, there were 17 participants,
want to test pairs of correlated samples, we determined thakome of which have participated in the first as well, over
the Wilcoxon signed-rank test was an appropriate method3 sessions. The elapsed times for each task are shown in
to apply to the data. In addition, the hypothesis implies a the left half of table 3. There is a slight but not significant
one-tailed test, as we are not only interested in the presenc variation in the median times across all tasks (ranging from
of a difference but also the direction thereof. 490s — 650s), with Omega having the lowest median, and
The results of the Wilcoxon test are summarised in ta- Nu having the highest. On the other hand there was some
ble 2. The first columnRhi vs Lambda) shows the result  variation as far as the individual times are concerned, with
of testing the times for Phi against those for Lambda over Epsilon exhibiting the greatest noticeable spread of wlue
the whole sample. The following column shows the same There is at least one value that deviates notably far from the
test for a subset of the sample who have given the correctmedian in each task. In each of Beta and Nu, there is one
solutions to both Phi and Lambda. The next two columns such outlier (participants 12 and 3 respectively). In Epsil
are analogous to the previous two, except that they both dis-despite the three notable values over 1000 seconds, iegrath
card the one outlier participant #6 (this was done in order to broad distribution of the values tends to mask these ostlier
see how much impact it has on the resulting significance). Omega, meanwhile, has two such notable outliers.
The next column shows the result of testing the times for  The solutions to the tasks in the second experiment were



Times F-measures

Participant | Beta | Nu | Epsilon | Omega || Beta | Nu | Epsilon | Omega
1 605 | 644 1380 744 1 0.5 1 1

2 713 | 662 684 741 0.8 1 1 0.67

3 815 | 1410 902 1094 0 0.5 0.4 1

4 717 | 693 291 445 1 1 1 1

5 601 | 486 235 404 1 1 1 1

6 543 | 922 352 494 1 1 1 1

7 516 901 639 895 1] 0.67 0.8 0.67

8 453 | 206 229 466 1 1 0.5 1

9 737 | 666 1215 876 0.8| 04 1 1

10 297 | 548 334 446 0 0.4 0 0.67

11 273 | 425 339 286 1 1 0.5 1

12 1179 | 620 993 414 0.4 0 0.67 0.33

13 394 | 649 590 330 1 1 0.67 1

14 428 | 407 1227 739 1 1 1 0.8

15 169 | 395 316 292 0 0.4 0.29 0.33

16 438 | 566 686 1314 0.4 1 0 0.8

17 549 | 738 577 500 1 1 1 0.67
| Median [ 543]| 644 ] 590 | 494 | 1]0.83] 1] 1]

Table 3. Elapsed times (seconds) and F-measures for all task s, experiment 2

more complex than those in the first. It naturally followed | Pairs | WIN| of z] p(-) ]|
that the correctness of the participants’ responses weoe al | Beta vs. Nu -39 | 17| 42.25] -0.91| 0.1811
more diverse. Thus, instead of obtaining a binary measurg Beta vs. Epsilon| -45 | 17 | 42.25| -1.05| 0.1461
(correct or incorrect) as with the first experiment, we com- | Beta vs. Omega| -63 | 17 | 42.25| -1.48 | 0.0695
puted precision and recall, which respectively correspond
to the ratio of the number of correct answers given by the Table 4. Wilcoxon signed-rank test for Beta
participant to the number of all given answers, and the ra-
tio of the number of given correct answers to the number
of all correct solutions. We then computed the F-measure
by taking the harmonic mean of the two to gain an over-
all indication of “correctness”, as shown in the right half

of table 3. While it is difficult to say that one task was

low us to reject B3 at a sufficient level, we can see that

one pair is particular close, namely Beta and Omega. These
two are at the two extreme ends of the granularity spec-
trum, which is to say, the measures at class-level granular-

generally more “well-answered” than another, we can makeity fpr Beta are collectively the_ highegt, whereas the op-
some observations. Nu, despite having a higiwest number Ofosn'e s true for Omega. An '|nterest|.ng outcpme of this

completely correct iF-m,easures of 1) solutions, also has th estis that the rar_1k sum (W) is negf_:ltlve, which suggests
lowest median for F-measure, giving the impréssion that it that the elapsed times fo_r Beta are in general lower th_an
. N ' 2 that for Omega. In fact this is true for all other tests. This

is generally not very “well-answered”. Conversely, Omega,

while not havina the hiahest number of completely correct is contrary to the primary intuition that method co-locatio
. 9 9 . P y correc (which is the case for Omega) should simplify comprehen-
solutions, seemed to be consistently well-answered, vgth i

) : . L ion. A ible explanation for thisis th nfigurin
highest median, highest minimum and least variation mtheSo possible explanation for this is that configuringaet

to have one method per class produced a side-effect of ac-
measures. Beta was also one of the better answered ques-

tions, where it had a highest number of completely correct?uaIIy making it simpler to comprehend.
solutions and a highest median. Epsilon, despite its highes
median, had the least number of completely correct solu-
tions and a lowest minimum.

6 Discussion

6.1 First experiment
Table 4 shows results of the Wilcoxon signed-ranked
tests performed between Beta (the baseline) and the rest According to the above analysis, we are convinced that
of the programs. While none of the tests indicated a small Lambda and Phi are different with respect to comprehen-
enough p-value to show statistical significance and thus al-sion effort. Furthermore it shows that Phi required more



effort, at least in terms of time. This suggests that “brieadt  tasks but was not actually part of the experiment. All par-
(number of paths) is a more critical factor in determining ef ticipants did this task first. This was intended to reduce the
fort than “length”. On the other hand we found Sigma and risk of the participants disadvantaging themselves gartie
Delta to be not so different with respect to comprehension. in the tasks due to unfamiliarity. When we asked the partic-
Generally Sigma had a tendency to require more effort thanipants whether they felt a learning effect as they progigsse
Delta (both according to median and directionality of the they uniformly answered to have felt only to a small extent,
Wilcoxon test), but the difference was not significant. This but not large enough to have a visible effect on their effort.

is interesting in that according to post-experimentalrinte The participants were self-selected and most of them
views, Delta caused more difficulty to at least half of the were from the software engineering programme, or had re-
participants irrespective of the actual amount of time they cently completed the programme. The responses to the de-
spent. Thatis, regardless of how much time the participantsmographic questionnaire indicated that about two thirds of
spent, they found Delta to be harder since they had to holdthe participants performed well academically (most grades
a lot of information in their memory and also having to deal were some kind of “A") with the remainder performing ade-
with many branching and interleaving paths increased thequately (passed almost all courses). This is a fairly unifor
cognitive load on them. This prompts a further study into group, and so this raises the question as to what degree

isolating the effects of branching paths on effort. our results would hold with other groups. Without study-
ing other groups, particularly more experienced devekper
6.2 Second experiment (which we hope to do), we cannot provide a definitive an-

swer to this, although we note that our use of a cross-over
Primary analysis of the results suggests that the differ- d.e.sign should reduce the effect due to variability of the par
ence in method and class granularity does not have as mucfcipants.
impact on comprehension time as we originally believed. ~ The experiments were not double-blind, however we feel
Still one test (Beta vs. Omega) was promising, and |eadsthere is little risk in this. We masked the programs through
to a possibility that a higher significance can be gained our choice of names, and itis very unlikely any of the partic-
with a |arger popu|ation_ We are convinced that granu|ar- ipants were familiar with the SpecifiCS of the models in our
|ty had some effect omorrectnesf the Comprehension Study. Furthermore, even if they were aware of the mOdeIS,
tasks, and this leads to suggest that we need a more dethey would still need to take the necessary code navigation
scriptive measure for comprehension effort to directly: fac Steps to solve the tasks successfully.
tor in both time and correctness. When specifically asked
in the post-experimental interviews whether co-locatibn o 6.4 Drawbacks to Artificiality
methods had any impact on understanding, the participants
were mixed.in their responses. In particular, thpse who did  As with most experimental studies, we had to compro-
not feeI_ a cﬂfference were foun_d to have heavily relied 0N mise between making the experiment as realistic as possible
the navigational features in Eclipse, one such featuregoein 44 maximising its validity through control and restrictio
method c_aII hierarchy searching. This leads to an mterest—By contriving the artifacts it was possible to gain control
ing question of whether the use of modern tools support hasyyer the exact structure being tested. However there is the
affected our results. question of whether the structures used in the experiment
reflect those in real life software at all. This is partialty-a
6.3 Threats to Validity swered through our previous study [20] where we applied
the metrics to actual applications. While there might not be
There are several issues that must be considered with assystems that look like any one of the programs used in the
sessing our results. One concern is the accuracy of the parexperiment, we can find similalifferencesn the structure
ticipants’ answers. For example a participant could have between parts of the code of the applications we have stud-
spent a short amount of time on a task but given a wrongied. Since the focus on the experiment is in the difference
answer. We considered this by also analysing the resultsbetween structures, the fact that all structures are c@utri
with the results with incorrect answers factored out. The in the same manner is believed to cancel out the issue of
results (for Lambda vs. Phi at least) were still significant.  whether they are realistic. On a similar note, another ques-
A drawback from our cross-over design is the possibility tion to ask is whether the strategies that the participasgd u
of a carry-over effect where the experience of one treatmentfor solving the tasks apply to comprehension on systems at
makes subsequent ones easier. We have tried to address théslarger scale. This is more difficult to answer, and to do this
in two ways. One was to randomise the order in which the it would help to have participants with substantial indiastr
participants were to deal with the tasks. The other was toexperience to comment on the differences between real and
give them a “dummy” task — one that looked like the other contrived settings.



Although our current study, due to artificiality, may not
have made a direct contribution to understanding the effect

of data flow on comprehension of real software systems,

we maintain that it provides a solid platform for designing
future experiments.

7 Conclusion

In this paper we presented the design and results of two

controlled experiments to study how a particular structure
a specific form of data flow, affects comprehension effort.
Our approach to experimental design was a systematic one:
define a set of models of the relationship between structure[10]
and effort that is descriptive enough to automatically de-
rive experiment artifacts (programs). This approach has th
advantages of control and efficiency, but we admit that its
artificiality raises issues.

The result of the first experiment suggested that that the
number of paths, or “breadth”, increases cognitive load and

(6]

M. A. Francel and S. Rugaber. The value of slicing while de
bugging. Science of Computer Programming0:151-169,
2001.

1 N. E. Gold, A. Mohan, and P. J. Layzell. Spatial complgxit

(8]

(9]

11] A. Karahasanovic, A. K. Levine, and R. Thomas.

thus has a more significant effect on effort than just the 1]
lengths of paths. Verbal feedback from the participants fur

ther supported this finding. This suggests that we refine our

model to treat branching of paths more specially.
In the second experiment, we found that granularity does [13]
not seem to have as notable an impact on effort as expected.

On one hand it leads us to wonder about the possibility that

the validity of the experiment played the role in downplay-

ing the significance. On the other hand we could just as-
sume that granularity does not have much significance. We

need further studies to determine our position.
Our eventual plan is to run the experiments on real soft- [15]

ware, based on the refined models. The results of our cur-

rent experiments will allow us to make an informed choice
on the software artifacts to evaluate, which we would not
have been able to prior to the study.
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