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Abstract 1 Introduction

Software systems seldom remain unchanged after
The design complexity of a software system mayeir initial development and delivery. A system may
be characterized within a refinement level (e.g., daja extended to fulfill new specifications or may be
flow among modules), or between refinement levaispaired to remove faults. These changes, as well as
(e.g., traceallity between the specification and thenany others, are performed during a period of time
design). We analyzed an existing set of data frogalled the maintenance phase.
NASAs Software Engineering Laboratory to test Some authors see software design complexity

V\{hether char?ging sgftware modules with high dg's a highly important factor affecting the costs of
sign complexity requires more personnel effort th%%ftware development and maintenance [Rom87,

changing modules with low design complexity. BX:A88]. We performed a study to test the hypothe-
analyzing variables singly, we identified strong Co;

g _ ) that changes to modules with high software de-
relations between software design complexity a fg

. - sIgn complexity require more personnel effort than
change effort for error corrections performed du”n&anges to modules with low complexity. We de-

the maintenance phase. By analyzing variablesgn, oo are design complexity in terms of several
combination, we found patterns which identify mo

ifferent factors, and test the hypothesis by investi-

ules in Wh'Ch eIror corrections were costly 1o IOeEiating how the complexity factors affect the costs of
form during the acceptance test phase. changing the software

If we can determine the impact of the complexity
factors on maintenance effort, we can develop guide-

*At the time this study was performed, Epping was a :stude“nrt]eS which will help reduce the costs of maintenance

in the Department of Computer Science, University of KaisdpY fecognizing trQUbl‘?Some situations early. In re-
slautern. sponse to these situations, the developers may decide
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to reduce the software design complexity of the sys-Hypothesis 2: Changing modules that are tightly
tems themselves, to develop tools that support magoupled to each other via data and control-flow re-
tenance of complex modules, to write documentatitationships requires more effort than changing mod-
that helps the developers manage the complexity bhaes that are loosely coupled to each other.

ter, or simply to re-allocate resources to reflect the

situation. Our results might even be used to justi
an expensive, controlled experiment to test the

pothesis more rigorously. The case study to test our hypotheses was designed
In the case study presented here, we used an @4ng the Goal/Question/Metric Paradigm [BW84,
isting set of data to investigate the impact of SOfBRgg]. Our G/Q/M goal was to analyze tWmR-
ware design complexity on the effort required teraN systems for the purpose of characterizing them
implement changes during the acceptance test gjigh respect to the influence of design complexity
maintenance phases. We studied BERTRAN SYS- o the maintainability of modules, from the point
tems from NASAs Software Engineering Laborgsf view of the researchers within the context of
tory (SEL). The independent variables of the dgne SEL. We analyzed vertical design complexity
sign complexity included a mapping to the specificggaceatiity to specifications) and horizontal design
tion, global data bindings, and control flow relatiorbomp|exity (coupling among modules). We defined
ships. The dependent variables on maintainabiliyaintainability in terms of change isolation effort,
were gathered by the SEL and include the necessghinge implementation effort, and the number of
effort for isolating and implementing changes. modules changed (locality of the change). Using
This paper extends work first presenteghese definitions, we refined the goal into a set of
in [Epp94]. Section 2 gives the design of thguestions, and in turn refined the questions into a set
case study, Section 3 discusses our complexity asfdnetrics. Figure 1 diagrams the relationship of the
effort metrics, and Section 4 explains the context gbal and the following sets of questions and metrics.
the study. Section 5 states the results for the mainte-
nance and acceptance test data, and sketches related Godl
work. Finally, Section 6 summarizes lessons for the m
SEL, the researchers, and the software-engineering Q1 Q21 Q23 Q25 Q22 Q24 Q26

community. ‘
Sec. 4 M10 M1l M12

.1 Design

. . M1 M2, M3, M4, M5, M6, M7, M8, M9
2 Designing the Study

Figure 1: Goal, questions, and metrics
This study, which was motivated in part by [Rom87],
began by refining the original hypothesis into two,
closely related hypotheses: Q1: What are the characteristics of the software sys-
Hypothesis 1:Changing modules that implement  tems, the environment, the processes followed,
many specifications requires more effort than chang- and the personnel? Answers are given in Sec-
ing modules that implement few specifications. tion 4.



Appeared irProc. 19th Software Engineering Worksh@pecember 1994 3

Q2.1/2.2: Is the vertical/horizontal design complex- Change types
ity of modules affected by changes with highPhase Error Correctiong All Changes
isolation effortgreater than modules affected by Acceptance test 302 508
changes with low effort? Maintenance 17 33

Q2.3/2.4: Is the vertical/horizontal design complex-
ity of modules affected by changes with high  Table 1: Data points according to category
implementation efforgreater than modules af-
fected by changes with low effort? 22 Available data

Q2.5/2.6: Is the vertical/horizontal design CompIeXAIthough we would like to assume that all changes

ity of modules affected by changes that tOUCh%?e similar in size, this may not be so for enhance-

a largenumber of modulegreater than mOdUIeSments, which range from trivial to extensive. How-

) A .
affected by changes that touched few moduleg\.Ier’ we can assume similarity in the size of changes
for error corrections.

Answers to questions Q2.x will be developed us- .
ing the following design complexity and change ef- Table 1 shows the count of data points from the ac-
eptance test and maintenance phases (error correc-

fort metrics, which are di in detail in Sef: .
tic;n 3'e cs ch are discussed tions are a subset of all changes). Although our orig-

inal goal was to focus on maintenance changes, the
éimited data encouraged us to include acceptance-
test changes. However, interpretation of that data is
difficult owing to the different environments, as dis-
M2: Number of common blocks used in a modulecussed in Section 4.

M1: The number of specifications a module fulfill
either directly or indirectly.

M3: Number of global variables visible in a module. _ L
2.3 Analysis and threats to validity

M4: Number of global variables used in a module. _
The study tests our hypotheses by checking for re-

M5: Ratio of used:visible global variables. lationships between the independent variables con-

_ o _ cerning software design complexity and the depen-
M6: Number of potential data bindingsin a moduleyeyt yariables concerning change isolation effort,
change implementation effort, and number of mod-

M7: Number of used data bindings in a module. ) o
ules changed. The appropriate statistical approach

M8: Measure of fan-in for a module. for univariate analysis is a correlation analysis. As
will be explained in Section 3, both the isolation and
M9: Measure of fan-out for a module. implementation effort metrics lie on an ordinal scale,

S0 we must use a correlation technique which does
not require ratio or interval-scale data. We planned
M11: Implementation effort per module per changé® compute Spearman rank-correlation coefficients

with respect to single complexity measures of the
M12: Number of modules affected by a change. modules and the maintainability measures.

M10: Isolation effort per module per change.
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Based on the notion that a combination of indeaodify a code module. We measured two aspects of
pendent variables might better explain high changsychological complexity, namely the vertical design
effort than only a single variable, we planned tcomplexity (the relationship between specifications
analyze multiple variables in combination using and modules) and the horizontal design complexity
machine-learning technique called Optimized Sghe relationship between modules). A module is a
Reduction (OSR) [BTH93, BBH93]. OSR finddile with a single subroutine. These relationships are
patterns in the independent (explanatory) variabliédsstrated in Figure 2.
which reliably predict values of a single dependent
variable. The OSR approach is insensitive to t%e
scale of the data, but requires a large data set, i>e-
ally several hundred points. We planned to apply t iimple-

OSR technique to the full data vectors; i.e., consnde_r  mente writes read by
all explanatory variables together. o !
If we can find strong correlations between d% mod X mod y mod z
sign complexity values and change effort values, gr ~
can find patterns of large design complexity valués o7
that reliably predict which modules are expensive i) calls
change, we will have confirmed our hypotheses for <— Horizontal complexity —=

this data set.
There were at least two threats to internal valid-igure 2: Vertical and horizontal design complexity

ity. First, the nature of a case study meant that we

were not able to control or even measure the factqr

that influenced the SEL personnel during their day-

to-day activities. Second, individual differences may

be responsible for some variation (i.e., noise) in thgye vertical complexity of a module is the num-
data. ber of specifications the module helps implement.

One significant threat to external validity is thgo measure vertical complexity, we count how many
specialization of the software-system design useddyecifications a module implements directly (men-
the SEL. These results may not be applicable to othighed in the documentation) or indirectly (invoked
FORTRAN systems. by another module that implements the specification

directly or indirectly). An example is shown in Fig-
) ) } . ure 2, where module helps implement specification

3 Complexity and Maintainability g1 girectly and calls module meaning that module

y helps implement S1 indirectly.
Curtis refines the concept of software complex-

ity into algorithmic and psychological complex
ity [Cur80]. Algorithmic (or computational) com-
plexity characterizes the run-time performance of an

algorithm. Psychological complexity affects the pef-he horizontal complexity of a modubeis charac-
formance of programmers trying to understand terized by the number of connections between that

1 Vertical complexity: the relationship
between specifications and modules

3.2 Horizontal complexity: the relationship
between modules
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module and other modules. An example is shown@hanges. The SEL distinguishes between three
Figure 2, where modulg writes data into a globaltypes of changes. Arerror correction repairs
variableg, that is read in turn by module We ana- faults in the software. Amnhancemeritnplements
lyzed the source code to gather data for the followitpanges for extended specifications. dgaptation
metrics: makes provisions for alterations in the system’s en-
vironment. For us, the error corrections were of pri-
e Number of COMMON blockswhich are refer- mary interest.
enced in a module.
Effortdata. The analyses presented here are based
e Number ofvisible global variablesi.e., the g 5 four-step model of the change activity that
variables defined in the referenced COMMOI(‘\JuideS data collection. In step one, the develop-
blocks. ers/maintainers become aware of the need for a
_ _ . change. Step two involves isolating the modules to
¢ _I\Iumber ofuse_d global variables.e., the VIS® he changed. In step three, they plan and implement
ible global variables that were also used in tQﬁe change. Finally, in step four they test the changed
code. code. The change effort data that was available to
ay's were limited to the following, routinely collected

i lobal variabl isible gl
e Ratioof used global variables to visible glob ems [Nato1b]:

variables.
e Isolation effort: the effort to determine which

e For modulesp andg, and a variable: within modules must be changed (step two).

the static scope of both and ¢, a potential
data bindingis defined as an ordered triple e Implementation effort: the effort to plan, imple-
(p, g, z) [HB85]. ment, and test the change (steps three and four)

e Again usingp, ¢, andz, aused data bindingga  ® Locality: the number of components affected
potential data binding whepeandg either read by a change.

avalue from or assign a value JHB85]. Effort expended during the maintenance phase is

collected as a point on an ordinal scale, namely “less
an one hour,” “one hour to one day,” “one day to
one week,” “one week to one month,” and “greater
« Thefan-outmeasure of a module is the numbdpan one month.” Effort expended during the accep-
of other modules which the module calls. tance test phase is collected using the ordinal scale
of “less than one hour,” “one hour to one day,” “one
day to three days,” and “more than three days.”

e Thefan-inmeasure of a module is the numb
of other modules which call the module.

3.3 Maintainability

Maintainability is an abstract concept that cannotide  Context of the Study
assessed directly but may be defined using attributes

of the software that can be measured. We use champe study was conducted on two projects developed
effort as our metric for maintainability. by the Flight Dynamics Division (FDD) of NASA's
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Goddard Space Flight Center. Data about the FDOYs FORTRAN. Both were single-mission systerhs.
projects are gathered by the Software Engineerifpeir sizes were approximately 130 and 180 KSLOC
Laboratory (SEL), a cooperative effort of NASAqcarriage returns). These systems determine the ex-
FDD, Computer Sciences Corporation, and the Umiet position of a satellite with respect to other plane-
versity of Maryland. The SEL was founded and bé¢ary bodies using data sent by the satellite. The sys-
gan collecting data about the FDD’s development aems do not run continuously, they are not subject
tivities in 1976. Data collection from maintenance real-time constraints, and they are not required to

activities began in 1988 [RUV92]. meet highly stringent reliability requirements. For
both projects, the software architecture and docu-
4.1 FDD Staff ment standards are highly similar and specific to the

FDD environment.
The staff who performed the changes were famil-

iar with both the application domain (ground-support

software for satellites), which were similar for bota 4.1  Specifics of Project 1

systems, and the solution domahRoKRTRAN), which

was identical for both systems. Project 1 consists of 582 modules. Of those, 23 mod-
ules are assembler modules, with a range of 6-3100

4.2 Activities in the acceptance test phase SLOC (carriage returns). The other 559 modules are
FORTRAN modules (range 2—-3200 SLOC). The sys-

During the acceptance test phase, the original devem consists of 15 subsystems.

opers exercise the system to detect failures and repair

faults as needed [Nat91a]. Enhancements and adap-

tations may also be made to the software during tl@danges in acceptance test. The developers pro-

phase owing to new requirements. cessed 179 change requests during acceptance test-
ing. Those change requests directly affected 163

4.3 Activities in the maintenance phase ~ unique modules, but owing to multiple changes to
the same modules, there were 306 changes to code

During the maintenance phase, a team of softwagqules. Of the 163 changed modules, 32 modules
engineers who were not the original developers tegfgre not available to us, or were assembler modules
the software using simulators and modifies the S\fat were not analyzed. Therefore 48 changes to in-
tems as needed [Nat91a]. These engineers are §¥idual modules and 33 change requests total could
perts in their application domain, but not necessajpt pe analyzed.

ily highly familiar with the software systems. The Project 1 was in development (design, code,

maintenance phase essentially ends when Sate”&ﬁa test activities) for approximately 28 calendar
are launched; in any case, no data are collected fr?llénths. Of those 28 months, the acceptance test

lowing the launch. phase lasted approximately 5 months.

4.4 The software systems A single-mission system is expected to cost 2% of de-

. . velopment costs per year in maintenance until it is taken out
Project 1 and Project 2 (names have been chang§tervice, while a multi-mission system is expected to cost
are ground-support software systems that were codeth [PS93].
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Changes in maintenance. The single maintainerrequests directly affected 55 unique modules, but
processed 15 change requests during maintenamezause of mitiple changes to the same modules,
Of those, 5 were corrections, 9 were enhancemetitere were 67 changes to code modules. Fortunately
and 1 was an adaptation. Those change requestdati-our analysis, the assembler modules were not
rectly affected 28 unique modules, but because afanged.
multiple changes to the same modules, there were 3The maintenance phase for Project 2 began in
changes to code modules. The assembler modules8 and lasted about 19 months.
were not considered (5 change requests, 2 modules).

The maintenance phase for Project 1 began in
1988. Because of launch delays, it lasted about 33 Results

months. The level of effort was extremely low for
much of that time. After discussing some problems with the data, we

present results from analyzing the maintenance and
acceptance test data and sketch results from related

work.
Project 2 consists of 816 modules. Of those, 31 mod-

ules are assembler modules (range 6—7300 SLog). difficulti
In addition to the 74FORTRAN modules (range 3— -1 Data difficulties

2800 SLOC), there are 38 data files (range 9-4QR encountered some difficulties while trying to col-
SLOC). The system consists of 30 subsystems. |ect the data for the metrics defined in Section 2. In
all fairness to the SEL, their data-collection forms
Changes in acceptance test. The developers pro-were not designed to support such a detailed investi-
cessed 413 change requests during acceptance tggion, and we could not change data collection after
ing. Those change requests directly affected 3¢ fact, so some problems were to be expected.
unique modules, but because ofltiple changes to  First, collecting data for metric M1 depended both
the same modules, there were 850 changes to cgfl@éhe modularity of the specification and the trace-
modules. Of the 346 changed modules, 119 modulgsility of the specification to the code. At one ex-
were not available to us, or were assembler modutesme of modularity, the whole project can be seen as
which were not analyzed. Therefore 238 changgse single specification, while at the other extreme,
to individual modules and 136 change requests '[Oé@rbry condition such as “x ¢, 0” can be also seen as
could not be analyzed. a specification. We began by using the system de-
Project 2 was also in development for approxécription document, in which a systemis divided into
mately 28 calendar months. Of those 28 monthgy—70 subspecifications. Even with this coarse level
the acceptance test phase lasted approximatelpf fodularity, it was not possible to map the mod-
months. ules to the subspecifications with any hope of accu-
racy because there was no document containing this
Changes in maintenance. The four maintainersinformation. We resolved this difficulty by simplify-
processed 25 change requests during maintenaingthe problem. Because the subsystems (Projects 1
Of those, 12 were corrections, 12 were enhaneaid 2 had 15 and 30, respectively) were easily iden-
ments, and 1 was an adaptation. Those chanifiable both in the requirements document and in the

4.4.2 Specifics of Project 2
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code, we essentially labeled each subsystem a “spdes, and therefore are not in the call tree. Mea-

ification.” Then we traced modules back to subsysures of change effort were obtained by querying the

tems by analyzing the calling structure of the codeSEL database [Nat90] and by examining the data-
The change effort data presented a second probHection forms completed by the maintainers after

lem. In the SEL environment, a change activity ocraking the changes.

curs in response to a change request, and may affect

many modules. The effort data are collected for eaglygyits from univariate analyses. For Project 1,
change activity, but no data for the change efft 19 modules that were changed were found in the call
moduleare collected. Because it is impossible to dgze  Of those 19 executable modules only 3 sup-
termine from the data how much change effort wag,ited multiple subsystems; i.e., helped implement
expended on individual modules, we could not 0fyore than one specification. For Project 2, 32 mod-
tain values for metrics M10, M11, and M12 as 0figjjes that were changed were found in the call tree. Of
inally planned. We resolved this difficulty by usinghgse 32 executable modules, only 1 supported mul-
an average for each change, namely the averaggjgb subsystems. This left us with 4 data points for
the complexity measures that were collected froéﬂanged modules which supported multiple subsys-

the modules affected by that change. All analysggns None of the 4 modules participated in changes
therefore are focused arhangesrather than mod-yith apove-average isolation or implementation ef-
ules. However, by averaging, we reduced the range;

in complexity values, possibly losing significant dif-

ferences. o
Finally, we concluded that significant differencelgeSUItS from multivariate analyses. The OSR

in effort were hidden by the ordinal scale of the e}(_echnique requires a large set of data to be effective.

fort data. For example, a maintenance change tgﬁcause the maintenance data set was too small to

required 9 hours of implementation effort is quit e used, we have no multivariate results.
different from one that required 39 hours, but both
are classified identically as “one day to one week.Interpretation. We could not support hypothe-
sis 1; the answer to questions 2.1, 2.3, and 2.5 was
“not for these data.” Although our analysis found
many modules that supported more than one sub-
5.2.1 \ertical complexity measures system, few of those modules were changed. We
) ) ) ) later learned that many of the modules which are
Flrs_t we tested hypothe_5|s 1 using mamt_enance d%ﬂiely reused are utility functions or so-called “insti-
subject to the caveats discussed in Section 5.1. ytiona| software.” This term refers to modules that
are reused repeatedly from project to project and are
Data collection process. We built a prototype tool rarely changed.
that extracted the module calling trees from Haar- We also learned that subsystems are designed
TRAN code for each subsystem. This informatiomostly in isolation from one another, with the re-
told us which modules were part of a particular subult that modules are not reused widely across sub-
system. While collecting these data, we found thsystems. Although our definition of a “specifica-
not all of the modules changed are executable mdidbn” was arguably too coarse, we could not refine

5.2 Results from the maintenance data
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the traceattity further without a detailed familiarity
with the systems.

An interesting result was that for Project 1, 12 of
the 19 changed executable modules were from a sin-
gle subsystem. No comparable, frequently changed
subsystem was identified in Project 2, although the
changes were clustered in 5 of the 30 subsystem%.

5.2.2 Horizontal complexity measures b .

Next we tested hypothesis 2 using maintenance data.

o] 5 10 15
Data collection process. We built a prototype prasemmbs ceommenBese
tool which counted the use of common blocks an
common-block variables in theORTRAN code, and
reused the calling-tree information from the analy-

sis of vertical complexity for the measures of fan-iimg the numbers by chance) is given in both tables to
and fan-out. After loading all the resulting data intRelp judge the significance of the results.

a database system, it computed the necessary com-

plexity values. Recall that module complexity values .

were averaged onjger changévasis as explained inResuIts from multivariate analyses. As men-

Section 5.1. Effort data were obtained as discus§5fped previously, yve had too few data points to ap-
in Section 5.2.1. ply OSR to the maintenance data.

Igigure 3: Data for error corrections in maintenance

Results from univariate analyses. Figure 3 uses Interpretation. When considering all changes
data about error corrections from the maintenandering maintenance, all measures of global variables
phase to plot isolation effort against the averagerrelated positively (some significantly) with isola-
number of used common blocks (metric M2) in thigon effort. The counts of used globals and actual
modules affected by each change. This figure shoslata bindings showed the most significant correla-
a trend towards higher effort when the average nutien of all measures; in an absolute sense the corre
ber of common blocks is also high. Thus encouation is weak (approximately 0.60). These results
aged, we computed correlations for the change datgport the idea that global variables make a pro-
from the maintenance phase. gram difficult to understand, although this conjecture
Table 2 shows the Spearman rank-correlation cmas not supported by [LZ84] (see also Section 5.4).
efficient values for the relationships between all iWwe found no significant correlation between com-
dependent and dependent variablesdltbrchanges plexity measures and implementation effort, nor be-
during maintenance; Table 3 shows only the coeffiveen complexity measures and the number of mod-
cient values forerror corrections The correlations ules changed. The measures of control-flow com-
were computed as explained in Section 2.3. An guexity were not helpful. To summarize the results
proximation of the .05 cutoff (a 5% chance of obtairfer all changes, we can support hypothesis 2 in some
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Independent variables

Dependent variables Isolation | Implem’n | Modules
(averages per change) effort effort | changed
M2: Common blocks 415 .088 -.376
M3: Visible global vars 575 .207 -.303
M4: Used globals vars .628 .228 -.198
M5: Ratio used:visible globalg 534 .303 105
M6: Potential data bindings .528 193 -.330
M7: Used data bindings .599 214 -.294
M8: Fan-in -.268 -.010 .067
M9: Fan-out .322 181 -.363

Table 2: Spearman rank-correlation coefficientssibchangesduringmaintenance

N = 33, critical r (.05) t approximation = .343

Independent variables

Dependent variables Isolation | Implem’n | Modules
(averages per change) effort effort | changed
M2: Common blocks .738 .403 -.169
M3: Visible global vars .785 511 -.143
M4: Used global vars .799 511 .000
M5: Ratio used:visible globalg .619 493 164
M6: Potential data bindings 770 511 -.214
M7: Used data bindings .813 511 -.102
M8: Fan-in -.406 -.208 -.096
M9: Fan-out .610 .545 -.143

Table 3: Spearman rank-correlation coefficientsdisor correctionsduringmaintenance

N =17, critical r (.05) t approximation = .482

10
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respects; the answer to question 2.2 (isolation effort)
is a qualified yes for some of the measures, but the
answer to questions 2.4 (implementation effort) and
2.6 (locality) is “not for these data.”

When considering just the error corrections during
maintenance, the measures of global variables &or-
relate positively and much more strongly with t@
isolation effort than previously. Both the counts of
used globals and actual data bindings again showed
the most significant correlations, in this case fairly
strong in an absolute sense (approximately 0.80). We ‘ ‘ ‘ ‘ ‘
also found correlations with implementation effort; 0 > Average mmber of commmon blocks - %
some were significant but again weak in an absolute

sense (approximately 0.50). Fan-out correlated pasjy re 4: Data for error corrections in acceptance

tively weakly with both measures of effort. No megz,o;

sures correlated with the number of affected mod-

ules. To summarize the results for the error correc-

tions, we can support hypothesis 2 strongly; the @m3.2 Horizontal complexity measures

swers to questions 2.2, 2.4, and 2.6 are a reasonable

yes, a weak yes, and another “not for these data.” Finally, we tested hypothesis 2 using the acceptance
Finally, we found it interesting that the numbéiest data.

of changed modules frequently correlatemgjatively

although weakly, with the complexity values. We are
unable to explain this result. Data collection process. The measures M2 to M9

were computed from the source code as of the
end of the maintenance phase. Again, module
complexity values were averaged orper change
As mentioned earlier, we extended the scope of th@sis as explained in Section 5.1. Measures of
study to include data from the acceptance test phagitange effort were obtained by querying the SEL
The results must be interpreted carefully, because gifgabase [Nat90].

measures of the source code were computed using

the code as it existed at the end of the maintenance

phase. A version of the code from the end of tHeesults of univariate analyses. Figure 4 uses data
acceptance test phase was not available. about error corrections from the acceptance test
phase to plot the isolation effort against the average
number of common blocks in the modules affected
by each change. Plots of isolation and implementa-
Due to the problems discussed in Sections Jitn effort against other independent variables were
and 5.2.1, we did not test hypothesis 1 using accegmilarly random, which discouraged us from com-
tance test data. puting univariate correlations.

4 + 0 0000BO O 00 O o 0

3 | 000 wxmoceoo 00 0060 o O EXS o o

2 | sovacwoncooce o oo o o °

1F ¢ 09000 ® ¢ 0 0 0 © ° o

5.3 Results from the acceptance test data

5.3.1 Vertical complexity measures
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Results of multivariate analyses. Because we hadhigh fan-in values and low fan-out values were easy
data for several hundred changes in the acceptataehange (predicts low isolation effort). This pattern
test phase, we were able to apply the OSR techay indicate leaf modules (such as library subrou-
nigue [BTH93, BBH93]. Based on the resultdines) which are called frequently but call few other
achieved when working with the maintenance datapdules.

we restricted the data set to the error corrections.

All analyses took the approach of trying to iden-  pattern L2:

tify whether the error corrections (changes) would yUsed varce 0-12% OR

be inexpensive or expensive, where inexpensive was ysed dbe 0-11%= low

defined as requiring one day or less (the lower two (reliability 0.92, rel. sig. 0.001)

values on the ordinal scale) and expensive was de-

fined as requiring more than one day (the upper tWoptterm | 2 suggests that modules with low num-

values). The technique found reliable patterns WhgR < of sed variables or low numbers of used data

using isolation effort as the dependent variable, B, jings were easy to change (predicts low isolation
found no reliable results when using mplementaﬂcg;rort).

effort or locality as the dependent variable.

All results are expressed as OSR patterns. Pat-
terns provide interpretable models where the impact
of each predicate can be easily evaluated [BTH93].
An OSR pattern is a set of one or more predicates,
where predicates have the form (E¥ EVclass;),
meaning that a particular explanatory (independent)
variable EV belongs to part of its value domain, i.e., _ _
EVclass;. Taken as a whole, the pattern predicts Pattern H1 suggests that if a module is called by
whether the value of the dependent variable will be fhélatively low number of other modules, and addi-
the high-cost or the low-cost class. For each pattefignally has many used data bindings or many used
we state the reliability of the prediction (a measut@fables, then that module was expensive to change
of pattern accuracy), and the significance level of thy€dicts high isolation effort).
reliability (whether the pattern is based on a suffi-
ciently large set of data to be trusted). The OSR tech- Pattern H2:
nique found reliable and significant patterns which ~ Ratio used:visible 63-100% AND
predict low and high isolation effort. We presentpat-  (vis vare 34-100% OR
terns which had high reliability values (¢, 0.8) and used dbe 30-100%)= high
low reliability significance values (j 0.05). (reliability 1.00, rel. sig. 0.001)

Pattern L1:

Fan-ine 26-100% AND
fan-oute 0-50%= low
(reliability 0.85, rel. sig. 0.011)

Pattern H1:

Fan-ine 8-26% AND

(used dbe 20-100% OR

used var 20-100%)= high
(reliability 1.00, rel. sig. 0.000)

Pattern H2 suggests that if a module has a high ra-
tio of used to visible global variables, and addition-
ally has many visible variables or many used data
bindings, then that module was expensive to change
Pattern L1 suggests that modules with medium @oredicts high isolation effort).
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Pattern H3: of various design practices on the dependent vari-
Fan-oute 42—-100% ables fault rate and cost in the context of develop-
AND used dbe 59-100%= high ment. They found no correlation with the percentage
(reliability 1.00, rel. sig. 0.007) of referenced variables in COMMON blocks but a

positive correlation with the number of descendants
Pattern H3 suggests that modules which call ma(fgn-out). The percentage of unreferenced variables

other modules and have many data bindings to otligrm COMMON blocks correlated with faults, but
modules were expensive to change (predicts higbt with cost.
isolation effort). Rombach [Rom87] ran a controlled experiment

to examine the effects of various programming-
Interpretation.  The univariate analyses were nd&nguage constructs on isolation effort, implementa-
helpful, but the OSR analysis identified some pdion effort, and locality in the context of performing
terns that reliably characterize modules which papaintenance changes (enhancements) to two soft-
ticipated in error corrections with both low and higiwvare systems. Complexity was measured in terms
isolation effort. All of the patterns support hypothedf information flow, which includes both data bind-
sis 2. We have not established a causal relationstnigs and control flow between modules. He found a
between the patterns and isolation effort, no statigtprrelation of both isolation effort and locality with
cal analysis technique does so, but we have identife¥iernal complexity, but no correlation of implemen-
a set of patterns that may be suitable for further itation effort with external complexity. Our results

vestigation. support his with respect to isolation and implemen-
tation effort, but not locality.
54 Results from related studies Card and Agresti [CA88] performed a case study

on SELFORTRAN systems to test for a relationship

We summarize the results of previous studies and @etween a combined complexity measure and either
periments that analyzed the effects of design cofitoductivity (lines of code delivered per unit of time)
plexity on various dependent variables. Note thei fault rate in the context of development. Their
comparisons with related work are dangerous owiggmbined measure of local complexity (e.g., cyclo-
to different definitions of both independent and denatic complexity) and structural complexity (e.g.,
pendent variables. module fan-out) correlated well with productivity

Lohse and Zweben [LZ84] ran a controlled expe&nd number of faults. Because their study does not
iment to examine the effects of data coupling (dagaparate local (internal) complexity from structural

flow among modules) via global variables versus fofexternal) complexity, we cannot compare results.
mal parameters, in the context of performing mainte-

nance changes (enhancements) to two software sys-

tems. The primary dependent variable was the tifie  Conclusion and Lessons Learned

required to implement the enhancement. They found

no significant differences attributable to the use @he data from the two SEL systems support our hy-

global variables versus formal parameters. pothesis 2, so we can answer in the affirmative that
Card et al. [CCA86] performed a case study drorizontal design complexity appears to affect main-

five SEL FORTRAN systems to examine the impadienance effort (isolation effort for error corrections).
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However, we have only demonstrated a possible ref@n effort on a per-module basis whenever possible.
tionship. We cannot establish causation using a caseninor change to the SEL's data-collection forms
study. could be to collect an estimate of the percentage of
Next we summarize the results of the study ithe total effort required by each module. However,
terms of what the SEL can learn, what we learneshme effort, such as the effort to test the changed
and what the software-engineering community camdules together, cannot be allocated to individ-
learn. Our analyses, which we primarily see as pointal modules. Third, the simplest and most helpful
ers for further investigation, found a number of reshange to the SEL's data collection forms (from our
lationships between software design complexity apdint of view) would be the use of a ratio scale such
maintenance effort that might help the SEL predies days or hours for collecting effort data instead of
maintenance effort. Univariate analysis showed thhe ordinal scales currently in use. This would al-
the metrics “used globals” and “used data bindingkw us to distinguish more precisely between differ-
correlated strongly with the isolation effort for erentchanges as well as to compare effort data between
ror corrections performed during the maintenantge maintenance and acceptance test phases.
phase. Data for other metrics relating to the defini- Finally, we believe that an empirical investigation
tion and use of global variables also correlated wiluch as this one uncovers more challenging ques-
isolation effort, but much less strongly with impletions than it answers. Future work might include
mentation effort. The measure of fan-out was alseplicating our study by analyzing the designs of
somewhat helpful in explaining high isolation effortother SEL software systems or systems from other
Multivariate analysis of acceptance test data usisgftware development organizations. Our data might
OSR found a number of patterns which were stroagso be used as a basis for planning and running
indicators of both low and high isolation effort in thi; controlled experiment such as the one discussed
data set. Future studies could be performed usingRom87] to test our hypotheses more rigorously.
other SEL systems to test whether the relationshipsa controlled experiment, programmers (subjects)
and patterns which we found hold for more than justight implement changes of similar sizes in mod-
the two systems that we analyzed. ules that have low, medium, and high software de-
We gained a better understanding of the data &#gn complexities. This would allow the researchers
quired for thoroughly testing our hypotheses. Firgt control for many effects as well as to measure the
to measure vertical complexity, both the modularigffort required on a per-module basis to implement
of the specification and its tracebty to the code changes. Such an experiment would offer stronger
must be addressed. To solve the latter problemewdence for refuting or accepting our hypotheses
traceallity matrix could be constructed in whichthan any case study.
the rows represent individual code modules and the
columns represent units of the specification. A mark
in the matrix means that the module of that row in¢ ~ Acknowledgements
plements the unit of specification of that column. To
build such a matrix, the modularity of the specificaAle would like to thank Lionel Briand and Alfred
tion is critical, but beyond the scope of this papdBrockers for help with the analyses, Dieter Rombach
Second, to measure the effort required for a chanfi,suggesting the hypotheses, Jon Valett for answer-
we need to collect the isolation and implementarg our questions, and most importantly, the SEL for
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