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SUMMARY

This research analyzes longitudinal empirical data on commercial software applications to test and
better understand how software evolves over time, and to measure the likely long-term effects of a
software process automation tool on software productivity and quality. The research consists of two parts.
First, we use data from source control systems, defect tracking systems, and archived project documentation
to test a series of hypotheses developed by Belady and Lehman about software evolution. We find empirical
support for many of these hypotheses, but not all. We then further analyze the data using moderated
regression analysis to discern how software process automation efforts at the research site influenced
the software evolution lifecycles of the applications. Our results support the claim that automation has
enabled the organization to accomplish more work activities with greater productivity, thereby significantly
increasing the functionality of the applications portfolio. Despite the growth in software functionality,
the analysis suggests that automation has helped to manage software complexity levels and to improve
quality by reducing errors over time. Our models and their results demonstrate how longitudinal empirical
software data can be used to reveal the often elusive long-term benefits of investments in software process
improvement, and to help managers make more informed resource-allocation decisions. Copyright c© 2007
John Wiley & Sons, Ltd.
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1. INTRODUCTION

Despite decades of experience, the effective development of software remains a difficult challenge.
Even after the introduction of a wide variety of process and technology innovations, numerous
examples of failures in schedule, cost, and quality remain. Although there is no doubt a myriad
of reasons for the continuing challenges in software development, one central problem is that it
is difficult to determine the cause and effect relationships due to the implementation of different
development practices. In part, this is because the consequences from changes and innovations in
software development practices are seldom immediate, but instead evolve over time. In addition, an
experimental approach, where most of the variables are under the researcher’s control, is less feasible
when the effects emerge over a long period of time. As a result, it can be difficult for managers to assess
the value and therefore motivate the implementation of new or modified practices today, when the
intent is to improve software development performance on an ongoing basis for tomorrow. While the
need to analyze software systems and the effects of development practice innovations over time has
been recognized, the longitudinal data and the analytical approach needed to perform such analyses
are typically not available, or are not able to be fully utilized.

The premise behind this research is that the longitudinal data that may be residing unanalyzed in
software change logs and elsewhere are an extremely valuable resource that can be leveraged to address
the challenge of determining the long-term impacts of changes in development practices. Organizations
that systematically collect, organize, and report on data representing the state of their software systems
have the opportunity to use these data to analyze trends and to discern the longer-term effects of
changes in software practices and procedures. This research also shows how moderated regression
analysis, which is frequently applied in the social sciences, can be leveraged to isolate and understand
the impacts of development practice innovations using longitudinal empirical software data.

Our research relies on the analysis of detailed data from source-code control systems, defect-tracking
systems, and archived project documentation. These data represent, in some cases, more than 20 years
of software evolution at our datasite. As such, they provide a relatively rare opportunity to investigate
two central research questions. The first is how do software systems evolve over time? While there has
been some discussion and theorizing on this issue, there have been relatively few empirical studies
to test this conjecture due to the difficulty in accessing longitudinal data. In particular, the software
evolution laws originally hypothesized by Lehman and published by Belady and Lehman can be
evaluated using these data [1] (see also [2]). In a recent paper, Cook et al. note that use of the term
law is used in the same sense that social scientists use the term to describe general principles that are
believed to apply to some class of social situation ‘other things being equal’, rather than the laws found
in sciences such as physics [3]. As a consequence, in this paper we will generally treat the laws as
hypotheses, but as these hypotheses are perhaps the earliest and most discussed of the literature in the
software evolution area, they are an appropriate starting point for this research.

However, the second overall research question is designed to go beyond the general dynamics of
systems changing over time due to entropy and related factors, and will focus on understanding the
effects on software evolution of management-driven changes to the software development process.
The second research question is what are the effects of the use of automation in software development
tasks? Due to the recognition that software development often consists of the systematic creation of
components that must adhere to a well-specified set of constraints, the proposal to develop tools that
would automate at least some of the required steps has been appealing from a variety of technical and
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economic perspectives [4]. The automated development of software has the potential to reduce human
error in the creation of code that must meet precise syntax and other constraints. It has the potential to
produce similar or better software than that produced ‘by hand’ by relatively scarce skilled software
development talent, potentially reducing costs. Automated development may lead to a greater use of
standardized components, thus increasing software reliability and decreasing the future maintenance
costs of software. Finally, automation may reduce the number of less-interesting, more-mechanical
tasks software developers are required to perform, thus freeing them to focus on tasks that require
more creativity [4,5]. On the other hand, some have questioned the extent to which automation can
help software engineers to address the fundamental issues in software development such as complexity,
reliability, and productivity [6].

For all of these reasons software process automation has been widely discussed, debated, critiqued,
or promoted. Yet, given that many of the proposed benefits of such automation tend to occur
downstream over the lifecycle of the software systems, whereas the implementation and change costs
tend to require significant investments in the current period, it has been difficult to demonstrate the
empirical evidence of the benefits of automation. However, this is exactly the kind of problem for
which longitudinal data could provide an insight.

In response to this need for the analysis of long-term investments in software process improvement
we have conducted an empirical evaluation of more than 20 years of software repository data from a
commercial organization. Our analysis of this data begins with a test of Lehman et al.’s laws of software
evolution to establish a benchmark. Our results provide empirical support for many of the laws of
software evolution defined by Lehman et al., but not for all. We then further analyze the data using
moderated regression analysis to show how software process automation efforts at the organization
influenced the software evolution patterns over the complete lifecycles of the applications. Our results
reveal that automation helped the organization to accomplish a greater number of work activities more
productively, significantly increasing the functionality of the portfolio. At the same time, despite the
growth in software functionality, automation helped manage software complexity levels and improved
quality by reducing errors over time.

This paper is organized as follows. In Section 2 we describe some of the relevant previous research
in this area with particular attention paid to the software evolution laws proposed by Lehman et al.
In Section 3 we describe the first phase of the research where we develop models to test the laws of
software evolution. Moderated regression models are then developed in Section 4 to analyze the impact
of automated software process automation. We link the results of these two sections by showing how
accounting for the impact of automation allows for a richer explanation of the software evolution
phenomenon than is otherwise possible.

2. PREVIOUS RESEARCH

How are systems expected to behave over time? Although a tremendous amount of anecdotal evidence
exists, there is relatively little carefully documented analysis. This is likely due, at least in part, to the
difficulty in collecting longitudinal data of this kind. Challenges to empirical research on software
evolution include differences in data collection at different sites, assembling and combining data
from different studies, and reconciling the characteristics of different studies, and the interpretation
of their results [7]. Given the large impact of software maintenance costs on information systems
budgets, researchers and practitioners alike should prefer a scientific approach to examining the change
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4 E. J. BARRY, C. F. KEMERER AND S. A. SLAUGHTER

processes in software systems. It will remain difficult to control lifecycle costs of software systems until
software evolution is better understood.

2.1. Laws of software evolution

The most well-documented early attempt to study software evolution in a systematic way was
conducted by Belady and Lehman beginning in the late 1960s [1]. Their early collaboration continued
to expand over the next decade (see [1,7] and [8, pp. 501–522]), and resulted in a set of laws of software
evolution [1]. In that seminal paper, Belady and Lehman outlined three laws of software evolution:
(i) the law of continuous change, (ii) the law of increasing entropy, and (iii) the law of statistically
smooth growth. In a later paper, Lehman revised the initial three laws and renamed them: (i) the law of
continuing change, (ii) the law of increasing complexity (formerly the law of increasing entropy), and
(iii) the law of self regulation (formerly the law of statistically smooth growth). In addition, he added
two new laws, the law of conservation of organizational stability (also known as invariant work rate)
and the law of conservation of familiarity [9]. These two additions describe limitations on software
system growth.

Lehman and Belady’s research found that once a module grew beyond a particular size such growth
was accompanied by a growth in complexity and an increase in the probability of errors [8]. By the late
1990s, three additional laws of software evolution had been proposed: the law of continuing growth, the
law of declining quality, and the feedback system [2]. Lehman presents the feedback system law in two
assertions. Assertion 1 states that ‘The software evolution process for E-type systems, which includes
both software development and its maintenance, constitutes a complex feedback learning system’.
Assertion 2 states that ‘The feedback nature of the evolution process explains, at least in part, the failure
of forward path innovations such as those introduced over the last decades to produce impact at the
global process level of the order of magnitude anticipated’ [10]. Note that Lehman and his colleagues
often reference E-type systems with respect to the laws of software evolution, those systems that are
developed to solve a problem or implement an application in some real-world domain [3]. As all of the
systems discussed and analyzed here are of this type, we have eliminated this excess stipulation in the
discussion that follows to simplify the narrative for the reader.

In Table I we summarize this work using the most current names and definitions, and order them
into three broad categories: (i) laws about the evolution of software system characteristics; (ii) laws
referring to organizational or economic constraints on software evolution; and (iii) meta-laws of
software evolution. Over the course of the research in this area some laws have been added and
some have been renamed. The change in the number of laws, in particular, makes referencing them
by number potentially confusing, and therefore we do not reference them by number and have adopted
the convention in this paper of referring to the laws by name only. In the review of previous research
(Section 2.2) we use the then contemporaneous name in order to be consistent with the prior literature.
However, after this review of prior literature we will use only the most modern name for each law as
shown in Table I to avoid potential confusion.

2.2. Previous empirical validation studies

In addition to some simulation studies [11,12], a variety of authors have attempted field-based
empirical tests involving the laws. In their original studies of software evolution, Belady and Lehman

Copyright c© 2007 John Wiley & Sons, Ltd. J. Softw. Maint. Evol.: Res. Pract. 2007; 19:1–31
DOI: 10.1002/smr



HOW SOFTWARE PROCESS AUTOMATION AFFECTS SOFTWARE EVOLUTION 5

Table I. Software evolution laws [2].

Software evolution laws Description

Evolution of software system characteristics

Continuous change Systems must continually adapt to the environment to maintain
satisfactory performance

Continuing growth Functional content of systems must be continually increased to maintain
user satisfaction

Increasing complexity As systems evolve they become more complex unless work is
specifically done to prevent this breakdown in structure

Declining quality System quality declines unless it is actively maintained and adapted to
environmental changes

Organizational/economic resource constraints

Conservation of familiarity Incremental rate of growth in system size is constant to conserve the
organization’s familiarity with the software

Conservation of organizational
stability

The organization’s average effective global activity rate is invariant
throughout the system’s lifetime

Meta-laws
Self regulation The software evolution processes are self-regulating and promote

globally smooth growth of an organization’s software
System feedback Software evolutionary processes must be recognized as multi-level,

multi-loop, multi-agent feedback systems in order to achieve system
improvement

analyzed observations of 21 releases of an operating system for large mainframe computers. They used
the system size (module count) and the software release sequence number to evaluate the laws of
continuing change and increasing complexity. A number of studies have used module count as their
size measure on other software systems to evaluate the same group of laws, and have employed least-
squares linear regression and inverse squares in the analysis [1,2,9].

To test the conservation of organizational stability and familiarity, Lehman ran regressions using the
change in number of modules as the dependent variable [13]. Results confirmed that the organization
performing software maintenance displayed an invariant work rate and conservation of familiarity [9].

In later studies, Chong Hok Yuen, a student of Lehman’s, conducted a study on 19 months of on-
going maintenance data for a large software system. He was able to collect the ‘bug reports’ and ‘bug
responses’ documenting the number of modules handled for each report, as well as the total number
of modules in the software system for each ‘bug report’ [14]. Analyzing size (in modules), cumulative
modules handled, and fraction of modules handled, the research provided empirical support for the
laws of continuing change, increasing complexity, and continuing growth. The data and analysis failed
to support the law of declining quality [15,16].

Cooke and Roesch [17] analyzed data from 10 releases of a real-time telephone switching software
system. The data were collected for 18 months of software modification. Their work supported the laws
of continuous change, increasing complexity, and continuing growth. Their work failed to support the
law of conservation of organizational stability.
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6 E. J. BARRY, C. F. KEMERER AND S. A. SLAUGHTER

Lehman et al. presented a test of six laws in a 1997 conference paper. Analyzing data from software
modifications to a financial transaction system, they were able to test and support five of their eight
laws of software evolution: continuous change, increasing complexity, continual growth, conservation
of organizational stability, and feedback system [2].

That same year, Gall et al. published a conference paper that presented data plots from multiple
releases of a telecommunications switching system [18]. They argued that their plots show support for
continuous change and continuous growth. However, the authors note that there are subsystems that
appear to exhibit a completely different behavior.

The following year, Lehman et al. presented a new paper from their FEAST (Feedback, Evolution,
And Software Technology) project which is based on empirical data from ICL’s VME operating system
kernel, Logica’s FW banking transaction system, and a Lucent Technologies real-time system [19].
They also found support for the laws of continuous change and continuous growth in functionality,
but note the difficulty in collecting appropriate data to test the laws concerning software complexity,
quality, organizational work rate, and software process feedback systems.

More recently, Burd et al. used a reverse-engineering approach to track cumulative changes in call
and data dependencies across versions of software. They argued that their data support the law of
feedback systems [20].

The law of conservation of familiarity states that the incremental growth rate is constant. A few
studies have not supported this statement. Empirical work examining open-source software includes
research by Godfrey and Tu who tracked growth in lines of code (LOC) from Linux and note that it is
‘super linear’ (presumably an increasing nonlinear curve), and does not remain constant over time [21].
Aoki et al. use data from 360 versions of the open-source system JUN and find that the growth of this
system is also at a ‘super linear’ rate, and because the growth is not constant, the law of conservation
of familiarity is not supported [22]. In each of these studies the time series equates a release sequence
number with one unit of time. Note, however, that in this paper the results were presented as a concave
curve when size is potted versus release. The x-axis is labeled with the release dates, using a constant
interval. However, it is not clear how this relates to the data used in the study, whose actual release
dates do not appear to be at constant intervals. This suggests the importance of using actual dates,
rather than release numbers as proxies, when the actual dates are available to researchers.

Finally, a 2004 paper by Paulson et al. [23] combines the method used by Gall et al. and the open-
source orientation of Godfrey et al. and Aoki et al. Changes in software releases were plotted on a time
interval of a number of days. Software size was recorded on the date of release, not release sequence
number. In comparing the growth rates of SLOC in both open- and closed-source systems, Paulson
et al. found the rates to be similar, thus suggesting support for the feedback law [23].

2.3. Summary of previous research

From this summary of previous research a few things seem clear. The first is that Lehman and
his colleagues’ work on software evolution has merited attention from a variety of researchers.
Understanding the behavior of software systems over time is generally seen as a worthy research
goal, and this research, which had its origins in the late 1970s, continues to be the extant model on
the subject today. However, from an empirical point of view, support for the laws has been mixed as
researchers have been generally unable to test more than a small number of the laws, and even then,
data limitations tend to severely constrain the analysis.
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Support has been strongest for the first three laws in Table I, with independent support from Cooke
and Roesch for all three and from Gall and Jazayeri for two of the three. Chong Hok Yuen [16] found
support for continuous change, continuing growth, and increasing complexity, but not declining quality.
Support has been more difficult to find for conservation of familiarity (not supported by Aoki et al. [22]
or Chong Hok Yuen [15]) and conservation of organizational stability (not supported by Cooke and
Roesch [17]), and the meta-laws (self regulation and system feedback) have generally not been subject
to the same level of empirical testing as the earlier laws.

Given this previous research, starting the analysis of our empirical data with an evaluation of the laws
of software evolution provides a clear benchmark against the previous and current literature. Therefore,
the first phase of the analysis will be to treat the laws of software evolution as hypotheses to be tested,
in what may be regarded as their most comprehensive independent test to date. This first phase of our
research will then form a baseline for the second phase, which uses the longitudinal data to assess the
impact of a software process automation tool on how software evolves over time.

3. RESEARCH MODEL: PHASE ONE

3.1. Longitudinal data set

The candidate system in this work is a portfolio of application software systems for a large retail
company. The company had a centralized IT group that was responsible for developing and supporting
23 application systems. The applications cover four broad domains, i.e., human resources, finance,
operations, and merchandizing.

Most importantly for the research, for more than 20 years the IT group has maintained a log of each
software module created or modified in the portfolio. All software modifications were recorded as log
entries at the beginning of each software module [24]. The coded logs yield a record of 28 000 software
modifications to almost 4000 software modules. This is a rich dataset that affords a rare opportunity to
observe software evolution over a 20-year time period.

Of course, as it is a longitudinal dataset of considerable longevity, the underlying technological
artifacts were written and maintained with contemporaneous technologies, i.e., programming
languages and tools that would not be at the cutting edge today (e.g., COBOL). Obviously today’s
more recent technology choices do not have a 20-year history, and therefore in order to study long-
term change the focus is appropriately on higher-level, more abstract phenomenon, rather than a more
narrow focus on optimizing specific technologies. Thus, in this research the focus is on the broad effects
of software process automation on the managerially relevant dimensions of productivity and quality.

We supplemented the detailed change log entries with archival records obtained from the research
site’s source-code library to capture basic software product measures of size and module age [24].
Each software module was analyzed using a code complexity analysis tool to yield measures of
software complexity. In addition, the source-code library helped us to identify the use of automation
in software development at the research site by indicating which modules were developed and/or
maintained using the automated software tool.

Using the encoded maintenance log, we constructed a time series data panel to describe the number
and types of lifecycle maintenance activities for all applications for each month in the software
application portfolio’s life span [24]. Module-level data were aggregated each month to compute
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Table II. Variable measurement.

Variable Measurement

Age Age of the portfolio in months
Number of activities Count of corrections, adaptations, enhancements and new module

creations to the portfolio
Module count Count of the number of modules in the portfolio
Cyclomatics per module Total cyclomatic complexity of the modules in the portfolio divided

by the number of modules
Operands per module Total operands in the portfolio divided by the number of modules
Calls per module Total calls in the portfolio divided by the number of modules
Number of corrections per module Total corrections divided by the number of modules
Percentage growth in module count Change in number of modules this month divided by the total

number of modules last time period
Number of activities per developer Count of corrections, adaptations, enhancements and new module

creations divided by the count of developers making modifications
during the month

Number of developers The number of developers working on the portfolio that month

portfolio-level metrics for size and complexity. One advantage of this dataset is the use of actual
modification-date data, as opposed to being limited by the data to using the proxy of release number,
as has been done in some earlier work. Similar to other empirical work in this area, we use the number
of modules as a measure of size [1,2,9,25].

Table II provides the descriptions of the variables used in our analysis. Descriptive statistics are
provided in Table III.

Our data panel consists of 244 monthly observations. To analyze longitudinal data of this sort we
use a time-series regression to test each hypothesis. As is common with many datasets for time-
series analyses, we found serial correlation [26]. Although the presence of serial correlation means
that the estimates will still be unbiased, it does influence the standard errors. If this is not corrected,
then the interpretation of the statistical significance could be incorrect. Therefore, we used the widely
accepted Prais–Winsten estimators to correct for serial correlation, using the first-order autoregressive
(AR1) correction [26]. The results reported in the following analyses have all used the Prais–Winsten
estimators as implemented in the software package Stata, version 8.

3.2. Phase one modeling

The conception of software evolution is that software systems change over time. Therefore, consistent
with prior research, the base case version of our model uses a single variable, system age, to test the
laws [27].

The general form of the model is

YLt = αL + βL ∗ AGEt + εLt (1)
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Table III. Descriptive statistics for variables used in time-series analyses.

Variable n Mean Standard deviation Minimum Maximum

Number of activities 244 92.54 119.80 0.00 549.00
Number of CASE activities 244 31.40 48.56 0.00 362.00
Number of non-CASE activities 244 61.14 81.34 0.00 367.00
Number of developers 244 15.70 16.06 0.00 53.00
Activities per developer 198 3.72 3.32 0.00 16.64
CASE activities per developer 198 1.21 1.57 0.00 10.97
Non-CASE activities per developer 198 2.51 2.13 0.00 9.92
Module count 244 1029.17 1192.38 5.00 3609.00
Total LOC 244 2 428 035.00 2 880 577.00 10 179.00 8 547 848.00
Total cyclomatics 244 117 116.60 135 267.80 809.00 412 114.80
Total operands 244 1 632 922.00 1 917 948.00 9212.00 5 771 101.00
Total calls 244 27 053.31 32 627.20 112.00 93 033.18
CASE module count 244 3.92 7.18 0.00 44.00
CASE total lines of code 244 21 982.98 42 876.26 0.00 291 669.00
CASE total cyclomatics 244 907.55 1831.29 0.00 13 892.95
CASE total operands 244 13 205.99 25 775.15 0.00 177 003.80
CASE total calls 244 309.79 620.25 0.00 4198.55
Non-CASE module count 244 7 679 918.00 88 581.00 5.00 2653.00
Non-CASE total LOC 244 932 470.90 1 035 712.00 10 179.00 3 184 001.00
Non-CASE total cyclomatics 244 56 101.06 59 852.77 809.00 190 672.50
Non-CASE total operands 244 744 622.80 817 213.00 9212.00 2 548 840.00
Non-CASE total calls 244 5528.80 6184.91 112.00 17443.69
Cyclomatics per module 244 108.41 18.03 48.34 161.80
Operands per module 244 1383.99 306.24 570.91 1910.54
Calls per module 244 17.35 11.35 4.34 38.25
CASE cyclomatics per module 120 239.17 33.72 205.59 432.00
CASE operands per module 120 3474.81 448.22 2931.97 6024.00
CASE calls per module 120 85.37 11.09 77.80 146.00
Non-CASE cyclomatics per module 244 87.74 20.94 48.33 161.80
Non-CASE operands per module 244 1072.09 198.61 570.91 1842.40
Non-CASE calls per module 244 7.58 3.52 4.38 22.40
Total corrections 244 11.02 14.00 0.00 60.00
Corrections per module 244 0.01 0.01 0.00 0.08
CASE corrections per module 120 0.02 0.02 0.00 0.18
Non-CASE corrections per module 244 5.3×10−3 0.01 0.00 0.03
Percentage growth in modules 243 0.03 0.08 0.00 1.03
Percentage growth in CASE
modules

119 0.10 0.54 0.00 5.67

Percentage growth in non-CASE
modules

243 0.03 0.08 0.00 1.03

Number of CASE modules 244 261.18 326.56 0.00 956.00
CASE tool use 244 0.13 0.14 0.00 0.37
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Table IV. Summary of phase one results (n = 244, p < 0.05 in bold; n = 198 for conservation of
organizational stability).

Hypothesis Dependent variable Adjusted R2 βL Standard error t P > |t | Supported?

Continuous
change

Number of
activities

0.2294 1.4312 0.1656 8.64 0.000 Yes

Continuous
growth in
functionality

Module count 0.0126 14.8314 1.1346 13.07 0.000 Yes

Increasing
complexity

Cyclomatics per
module

0.1744 −0.0961 0.1072 −0.90 0.371 No

Operands per
module

0.0895 −0.3838 1.8770 −0.20 0.838 No

Calls per module 0.0100 0.0158 0.0447 0.35 0.724 No

Declining
quality

Number of
corrections per
module

0.0282 0.000 06 0.000 02 2.91 0.004 Yes

Conservation of
familiarity

Percentage growth
in module count

0.0212 −0.0002 0.0001 −2.51 0.013 Yes

Conservation of
organizational
stability

Number of
activities per
developer

0.1902 0.0334 0.0039 8.65 0.000 No

where Yt represents the particular dependent variable used to evaluate each law L for time period
(month) t , AGE is the variable for system age that varies by time period (month) t , and L ranges from
one to six to represent each of the laws evaluated [26,28].

In all of the models in this paper we use the customary notation α to represent the intercept
term, β to represent the coefficients of the independent variables, and ε to represent the error term.
Table IV provides a summary of the estimation results for each hypothesis. (As explained in
Section 4.6, all regressions were also run with a robust standard error formulation (not shown here),
which generally strengthens the statistical significance of the results.)

3.2.1. Continuous change hypothesis

Continuous change states that ‘[a] system must be continually adapted else it becomes progressively
less satisfactory in use’ [29]. For the dependent variable, we use a count of all changes and additions
to the software portfolio. Note that the mix of software maintenance activities (12% corrective,
75% enhancement, 11% adaptive) is similar during the lifetime of the software portfolio (a comparison
of the average percentage mix of activities year-by-year suggests no significant differences).
Thus, although certain types of activity may require more or less effort than others, because the
mix of activities remains similar over the lifetime of the software portfolio, there should be no bias
in our results due to changes in the types of activities being performed. Our results reveal that the
coefficient on the AGE variable is positive and significant, supporting the hypothesis of continuous
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change, and suggesting that the number of maintenance activities performed averages 107 each month
and increases with age at a rate of more than 1.4 additional activities each month. AGE explains a
significant proportion (about 23%) of the total variation in the evolution of software portfolio activities.

3.2.2. Continuous growth hypothesis

Continuous growth in functionality is tested using the cumulative number of modules as the dependent
variable. AGE again is highly significant as an explanatory variable, although the overall variation
explained is much less than for continuous change. AGE explains about 1% of the total variation in
growth in module count. The cumulative number of modules grows at a rate of about 15 per month.

3.2.3. Increasing complexity hypothesis

In order to test the increasing complexity hypothesis we use the widely recognized McCabe cyclomatic
complexity per module as a complexity metric [30]. However, we also examine two other measures of
software complexity: operands per module [31] and calls per module. These metrics were specifically
chosen as they represent contemporaneous metrics for the software examined [32]. However, despite
using multiple metrics to guard against the possibility that any results would be somehow metric-
specific, we did not find empirical support for this hypothesis for any of the three different measures
of software complexity because the estimated coefficients on the AGE variable are not significantly
different from zero at the usual statistical levels. However, it is important to note that the original law
contains the caveat that increasing complexity is expected unless steps are taken to mitigate it. We defer
further analysis of these results and this question until the second part of our modeling documented
below as phase two.

3.2.4. Declining quality hypothesis

The fourth and final software system characteristic law is the law of declining quality. In this analysis
we use the corrections per module as the dependent variable. The results of this analysis provide
empirical support for this law, as the coefficient on AGE is positive and statistically significantly
different from zero. However, in practical terms, the small size of the estimated coefficient (0.000 06),
suggests that the corrections per module increase only very slightly with age.

3.2.5. Conservation of familiarity hypothesis

The next set of hypotheses contains those relating to operational, or economic resource, constraints.
Conservation of familiarity is tested using the percentage growth in the number of modules each month.
Note that this is different from the test above where the actual number of modules was the dependent
variable. Here, the model seeks to explain variation in the rate of growth in the number of modules in
the portfolio; that is, does the number of modules added as a percentage of the total number of modules
in the portfolio change at a constant, declining, or increasing rate? The statistical result for this analysis
is that the coefficient on AGE is negative and significant, which is interpreted as providing support for
the law, as the percentage growth in modules does not increase over time. In particular, AGE explains
about 2% of the variation in percentage growth of modules over time, but the coefficient on AGE is
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very small (close to zero), implying that the decrease in the percentage growth rate with AGE is very
small.

3.2.6. Conservation of organizational stability hypothesis

Conservation of organizational stability states that the amount of work accomplished per developer
will be constant over time. The dependent variable in this analysis is the count of all changes and
additions made per developer. As we have noted earlier, there are no significant differences in the
average mix (type) of activities completed each year over the lifetime of the software portfolio. A means
test suggests that there are also no significant differences in the size, on average, of each activity
completed each year in the lifetime of the software portfolio (the average is about one thousand new
SLOC per activity). This suggests that activity counts are comparable across time periods (i.e., do not
systematically vary by type and size) and can be used to assess the work accomplished per developer.
Our results do not support this law as the number of activities per developer actually significantly
increases with age. In fact, the average number of activities per developer is almost five per month, and
this number increases at a rate of 0.03 additional activities per month. (Note that although the estimated
coefficient is highlighted as statistically significant, it is statistically significant in the opposite direction
predicted by the law.) AGE explains almost 20% of the total variation in work rate. Of course, this result
immediately raises the question of why productivity is increasing over time, a question we will explore
further in phase two of the analysis.

3.2.7. The ‘meta-laws’

Finally, two of the laws of software evolution can actually be seen as ‘meta-laws’ (self regulation and
system feedback). The law of self regulation states that global E-type system evolution processes are
self-regulating [29]. The other ‘meta-law’ is known as the feedback system, which states that evolution
processes are multi-level, multi-loop, multi-agent feedback systems [29]. These laws describe the
relationships between software systems and the organizational and economic environments in which
those systems exist. At the abstract level of description of these laws it is difficult to say what empirical
model could be formally tested to support or reject these laws. However, overall, the results for the
first six laws do suggest general support for these laws: we find that although the portfolio is growing
in size over time, the level of complexity is not increasing, and the rate of growth is constant. Further,
developers are accomplishing more work and significantly increasing the functionality of the portfolio,
but despite this, the quality of code does not decline significantly (all of this suggests that processes
of self-regulation and feedback are operating): evolution seems to be happening at a very controllable
pace, without significantly increasing or decreasing the complexity and quality of the portfolio.

3.3. Extension of phase one analysis: nonlinear model

Recent research has hypothesized that some systems display a ‘super-linear’ growth [21–23].
The empirical results appear to be mixed. Aoki et al. found super-linear growth in the releases of
JUN [22], while others have found that software grows at a linear rate when the source-code growth
rate is measured over elapsed time rather than the growth between release sequence numbers [23].
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Given these mixed results, we extended our model to check the quadratic form to see how our
estimated regressions compare with the results for our linear specification of the equations for each
law. The quadratic form of the model allows for both a linear and a nonlinear effect of AGE on the
dependent variable of the form

YLt = αL + βL1 ∗ AGEt + βL2 ∗ AGE2
t + εLt (2)

where the variables are the same as in the previous model (1) with the addition of an AGE2 term which
is added to allow for a nonlinear relationship in the software evolution pattern exhibited over time.
Using the same set of dependent variables as in the first phase of the analysis, we estimated the new
model and present the results in Table V. This further analysis does not change any of the main results
of the earlier section, as hypotheses that were supported in the simpler, linear formulation continue
to be supported with the nonlinear model, and vice versa. Adding the quadratic term increases the
variation explained in the dependent variable (in terms of adjusted R2) by significant amounts for the
second hypothesis tested (continuous growth), but has relatively little effect on the tests of the others.
(Note that the quadratic term for the hypothesis of increasing complexity is nearly significant at the
0.05 level for one of the three complexity measures tested.) This suggests that system change and
growth over time may be more accurately modeled as a nonlinear function (in this case, specifically,
a quadratic function), as fit improves for some models, and does not appreciably decline for the others.

4. RESEARCH MODEL: PHASE TWO

In phase one of this analysis, we applied a basic test of software evolution by using AGE of the system
as a predictive variable to test a variety of hypotheses about how software evolves. This type of analysis
can be useful in informing software developers and managers about the level of change and growth
in their software systems that may be expected over time. However, the results from phase one are
unable to offer very much in the way of insights into the process behind software evolution and, in
particular, what effect managerial actions might have on the evolution patterns of software systems.
The use of a detailed, longitudinal dataset and a moderated regression analysis can help to determine
the causes of changes, especially where developers and managers are continually trying to improve
software processes. Of course, as is typical in empirical research studies, our results are presented and
properly interpreted as ‘all else being equal’. We believe that this is reasonable and appropriate given
the significant number of observations in the dataset.

4.1. Prior research on software process automation evaluation

Early in its history, software process automation acquired the label of CASE (computer-aided software
engineering) tools. Although there is a large amount of literature in economics on the general effects
of automation on production processes, software engineering automation has its own specialty, given
that the automation seeks to enhance the mental, rather than the physical, attributes of the worker.
Software developers are a special form of knowledge worker since they are highly computer literate
and, all else being equal, could be expected to master the use of a computer-based automation tool
better than perhaps any other professional. Finally, the great need for computer software, prompted in
part because of the dramatic decline in computer hardware costs, created a tremendous demand for
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Table V. Phase one results: Nonlinear model (n = 244, p < 0.05 in bold; n = 198 for conservation of
organizational stability).

βL1 βL2
Standard error Standard error

t-statistic t-statistic
Hypothesis Dependent variable Adjusted R2 p-value p-value

Continuous change Number of activities 0.2508 1.4338 0.0037
0.1579 0.0025
9.08 1.51
0.000 0.133

Continuous growth Module count 0.2976 169.2190 0.2385
95.4205 0.0985
1.77 2.42
0.077 0.016

Increasing
complexity

Cyclomatics per module 0.1559 −0.1131 0.0026
0.1218 0.0014

−0.93 1.88
0.354 0.061

Operands per module 0.1031 −0.3261 0.0326
1.8121 0.0187

−0.18 1.74
0.857 0.083

Calls per module 0.0243 0.0166 0.0007
0.0431 0.0004
0.39 1.93
0.700 0.054

Declining quality Number of corrections
per module

0.0420 0.0001 −5.51 × 10−7

0.0000 3.09 × 10−7

3.15 −1.79
0.002 0.075

Conservation of
familiarity

Percentage growth in
module count

0.0190 −0.0002 9.14 × 10−7

0.0001 1.13 × 10−6

−3.08 0.81
0.002 0.420

Conservation of
organizational
stability

Number of activities
per developer

0.1944 0.0329 0.0001
0.0039 0.0001
8.48 1.26
0.000 0.210
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software development labor. Just as classic microeconomic theory would predict, increased demand
for labor drove its price higher and made the notion of substituting capital, in the form of automation
tools, for labor increasingly attractive. This was coupled with the notion that a computer-based tool had
the capacity to actually improve the reliability of the software development process and the quality of
the resulting software product, given the tool’s ability to perform repeated functions without the kind
of errors that ‘hand-crafting’ software tends to produce [33].

These kinds of needs and analyses produced a range of tool solutions, some focusing on assisting
the upfront activities of analysis and design, and others directly automating the production of
computer code. However, despite great interest and rapid sales of tools, early results on their effects
were often disappointing compared with the initial expectations. Preventing greater understanding
of this phenomenon, however, was the near-complete lack of quantitative data on the impact of
tools, particularly their long-term effects. Most empirical studies relied on subjective assessments
of managers and developers involved in software projects to report their perceptions of the impact
[34–38]. Some early work on quantitative measures was promising for automated software tool usage,
e.g., with respect to aiding software reuse [39]. However, a significant fraction of implementations
reported difficulties in gaining wide-scale adoption of the automation tools. This was due, in particular,
to the difficulty in providing evidence of meeting a priori expectations for automation benefits.
Typical of this concern was a contemporaneous report from 1989 that noted

‘. . . many people don’t believe that [the tool] saves money. . . . The consensus is that
unless [it] delivers the productivity benefits, the support from above will disappear.’
[40, p. 36]

How does the innovation of software process automation fit into the view of software evolution?
One starting point can be found in the work of Lehman himself, in a 1990 conference paper [5].
In it he argues that the fundamental challenge in managing software development is managing
uncertainty. He notes that automation tools have a special role in reducing and controlling ambient
uncertainty in system behavior [5, p. 240]. More specifically, and with an eye toward the ongoing
debate about the justification of tool usage, he states that

‘The visible benefits derived from such activity and from commercial. . . products arising
therefrom [sic] are, however, not widely perceived. In part this is due to the fact that many
of the benefits are anti-regressive. . . They lead to a reduction in the number of errors, less
rapid growth of system complexity, more reliable operation, less down time.’ [5, p. 243]

Finally, and not surprisingly, because the underlying economic conditions that produced the interest
in, and demand for, software process automation tools remain relatively unchanged today, there
continues to be current interest in tool usage and its impact on performance (e.g., Limayem et al. [37]).
This interest can be expected to persist, especially as organizations continue to look for ways to
control and reduce software labor costs, for example, the current offshore outsourcing phenomenon.
The software repository data at the research site affords us the opportunity to investigate the measured
impact of one of these tools over time, in contrast to most of the literature described above, which was
limited to surveys of participants’ perceptions of the impact of the tools.
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4.2. Software process automation at the data site

The IT group at our research site introduced an automation tool approximately half-way through our
data collection period (month 125 of 244). Their choice was the implementation of a commercially
available COBOL source-code generator, hereafter referred to as the tool. The company had gone
through a series of mergers and acquisitions that resulted in a dramatically changed set of application
software systems. This tool was intended to help with the expanded responsibilities of the centralized
IT group, in terms of improving developer productivity and reducing software development and
maintenance costs. Limayem et al. noted that

‘The greatest benefit of . . . tools lies in their capability of generating computer module
codes. This capability can greatly improve developers’ productivity as well as the quality,
reusability, portability, and scalability of applications.’ [37]

One question which may arise is whether the ensuing software evolution patterns are triggered by
changes in the corporate environment at our research site or by use of the tool. Fortunately, we are
able to distinguish the effects of tool use from general shifts in the environment as we can identify
which particular modules in the portfolio were developed using the tool and which were not. As some
modules are created using the tool and some are not, both before and after the points in time when the
organization is experiencing changes in its environment, their identification serves as a natural control
that allows us to discern the effects of variations in the use of the tool to variations in software evolution
patterns.

4.3. Data on software process automation

The modules developed and maintained with the tool were marked in the archival data for the software
portfolio as to whether or not they were automatically generated. In our time-series data the variable
TOOL is calculated as the number of tool-generated modules divided by the total number of modules
in the portfolio. Thus, the variable TOOLt is the proportion of application portfolio in month t that has
been created or maintained using CASE automation.

Figure 1 illustrates the growth of the portfolio in terms of the numbers of modules. When the tool is
introduced at month 125 the portfolio is growing very rapidly. Although the percentage of the portfolio
created using an automation tool peaks within the first two years of its introduction, more than one-
quarter of all modules are developed with tool support.

Table VI provides the descriptive statistics comparing the modules developed via the automated tool
or manually. From Table VI it can be casually observed that software modules developed with the aid
of an automation tool tend to be larger, and more complex on a variety of dimensions, all else being
equal. In the next section we statistically test for the likely effect of automation on the evolution of the
software portfolio.

4.4. Phase two modeling and results

To evaluate the impact of automation on the evolution of the software portfolio, we adopt a moderated
regression approach [41,42]. As we noted earlier, moderated regression analysis is frequently used in
the social sciences as well as in business, education, communication, and other disciplines to investigate
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Figure 1. Portfolio growth and the growth of modules developed using the automation tool.

the interaction of two or more independent variables. In moderated regression, the researcher is
attempting to understand more than just the linear and additive effects of some predictor variables
on some outcome variable, and wants to understand whether the value of an outcome variable depends
jointly upon the value of the predictor variables [43].

We estimate the following moderated regression model to evaluate the impact of automation on
software evolution profiles:

YLt = αL + βL1 ∗ AGEt + βL2 ∗ AGE2
t + βL3 ∗ TOOLt + βL4 ∗ TOOLt ∗ AGEt

+ βL5 ∗ TOOLt ∗ AGE2
t + εLt (3)

where YLt represents the particular dependent variable evaluated for each law estimated at time period
(month) t , and L can range from one to six to represent each of the six laws.

Interpreting the results of the model can be done as follows. For example, the use of automation
is associated with a higher average number of activities performed per programmer (relative to no
automation) if the coefficient on the TOOL variable, βL3, is positive and significant. A negative
and significant coefficient on this variable indicates that the use of automation is associated with a
lower average number of activities performed per programmer (relative to no automation). We can
also look at the interaction effects to see if automation either amplifies or counteracts the effects
of AGE. For example, automation could significantly increase the number of activities performed per
programmer (this would be indicated if the coefficient on the interaction of AGE × TOOL were positive
and significant). A negative coefficient on this interaction would indicate that the use of automation
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Table VI. Descriptive statistics for the software module characteristics as a function of automation.

Developed with automation tool Developed manually
(n = 956 modules) (n = 2653 modules)

Module dimension Mean Standard deviation Mean Standard deviation

Lines of code 5840.3 497.4 1292.9 183.6
Total cyclomatics 239.2 33.7 87.7 20.9
Total operands 3474.8 488.2 1072.1 198.6
Total calls 85.4 11.1 7.6 3.5

Table VII. Descriptive statistics for the tool automation variables.

Variable Observations Mean Standard deviation Minimum Maximum

Portfolio AGE (in months) 244 122.5 70.58 1 244
CASE tool use 244 0.13 0.14 0 0.37

significantly decreases the number of activities performed per programmer. Alternatively, automation
could be seen as causing the portfolio to grow at an increasing or decreasing (nonlinear) rate (this could
be observed if the coefficient on the AGE2 × TOOL interaction were significant). For example,
a positive (negative) coefficient on this interaction indicates that use of automation changes the
number of activities performed per programmer at an increasing (decreasing) rate. Table VII shows
the descriptive statistics for the AGE and TOOL automation variables.

Table VIII presents the results of testing the hypotheses on software evolution taking into account
the specific effect of a software process automation tool.

4.4.1. Continuous change hypothesis

The first row of Table VIII provides the results for the continuous change hypothesis, which was
supported in phase one of the analysis. Here, in phase two the interpretation of the moderated regression
model results is that inclusion of the automation tool interaction variables enhances support for the
hypothesis as these new variables are statistically significant at the usual levels. Figure 2 graphically
depicts the software evolution profile for the portfolio at three levels of automated tool usage: none
(shown as a curve of open boxes), average for the research site (shown as a full curve), and high for
the research site (shown as a curve of full diamonds), all based on starting at the point in the portfolio
history when the software process automation tool was introduced. (All of the figures in this section
will follow the same convention, i.e., show the results for the portfolio at the three levels of usage
starting from the time when the tool usage was introduced.) We used the mean level of tool use at the
research site (12.8%) for the average, no tool use (0%) for none, and the maximum level of tool use at
the research site (37%) for high.
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Figure 2. Activity levels with/without automation (law of continuous change).

As can be seen in Figure 2 and in Table VIII there are significantly higher activity levels for the
portion of the application portfolio developed using process automation. For example, at an average
level of automation tool usage, the average activity level is approximately 1.5 times that with no use of
automation, and at the highest level of use of automation the average activity level is about twice that
of no use of automation. In addition, the interaction of automation tool use with AGE (the βL4 column)
is positive and significant, indicating that the activity rate increases at a faster rate with tool usage.

For example, at the average usage level of the automation tool, activity rates increase at a rate
approximately three times that with no automation tool usage. At the highest usage of automation,
activity rates increase at almost six times that with no automation. Finally, the interaction of automation
tool use with AGE2 (the βL5 column) is negative and significant, indicating that the increase in
activities with tool use is nonlinear, i.e., activities increase with tool use, but at a declining rate over
time. The use of automation and its interactions with the AGE variables explain an additional 30%
of the variance in activity levels over and above the variance explained by AGE alone, i.e., as was
shown in the phase one analysis where software process automation tool usage was not considered.
Therefore, the results support the notion that automation tool usage is influential in increasing the
activity level for the software portfolio.
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Figure 3. Growth in functionality with/without automation (law of continuous growth).

4.4.2. Continuous growth hypothesis

The hypothesis of continuous growth was supported in phase one and, similar to the previous analysis,
modeling the effect of automation enhances support for this hypothesis as well. Figure 3 graphically
depicts the software evolution profile for the portfolio at the three levels of automated tool usage.

Although Figure 3 (which shows the relationship between the number of modules (thousands)
and time) offers a less dramatic effect than that visualized in Figure 2, Table VIII does document a
statistically significant effect of an increased growth in size (functionality) with the use of the software
process automation tool. With no automation, the application portfolio grows at a rate of about 15 new
modules per month, and the increase is at an increasing rate. With average use of automation the
portfolio increases at a rate of 20 modules per month, almost linearly, at a slightly increasing rate. With
the highest use of automation the portfolio increases at a rate of 28 modules per month, although the
increase itself is at a declining rate. Similar to the law of continuous change, the use of automation
and its interactions explain significant variation (55% of the variance) in the growth of portfolio
functionality over and above the variance explained by AGE alone. So, our results again demonstrate
that automation appears to be influential in its impact on the growth in functionality in terms of the
number of modules.
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Figure 4. Software complexity with/without automation (law of increasing complexity).

However, it should be noted that, after a sufficiently long time period (at our research site, about
10 years), the growth in functionality without automation actually exceeds the growth with automation.
With no use of automation, the model suggests that the portfolio would be expected to grow to more
than 3700 modules; with average use of automation, the growth would reach 3600 modules; and with
highest automation usage, the growth would only reach 3400 modules. One interpretation of this pattern
is that over time the use of an automation tool is helping portfolio functionality to grow, but at a more
controlled or managed pace, just as suggested by Lehman [5].

4.4.3. Increasing complexity hypothesis

Increasing complexity was not supported in phase one using AGE as the only explanatory variable.
However, adding the information about automation tool usage sheds more insight into this initial result.
As can be seen in Figure 4, with no automation, the complexity of the portfolio is actually rising over
time, increasing by 70%, and almost doubling in 10 years.
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With average use of automation, the complexity level of the portfolio shifts up initially about 20%
higher relative to no automation. However, complexity does not increase as rapidly over time, showing
only an increase of about 25%, resulting in a total complexity level lower than the complexity level with
no automation after 10 years. With the highest use of automation, the complexity level of the portfolio
shifts up initially about 60% higher relative to no automation, but declines substantially over time,
ending up, after 10 years, below both the complexity level with no automation and that with average
use of automation. The use of an automation tool explains about 15% of the variation in complexity.

So, while the use of automation is associated with a shift up in the complexity level initially,
automation does not substantially increase complexity over time. In fact, in the long run, complexity
actually declines with high use of automation, completely offsetting the increase in complexity without
automation. It is this finding that provides additional insight into the phase one results and suggests
why, when AGE was the only explanatory variable, the law of increasing complexity was not supported.
It is the more sophisticated model which includes the longitudinal empirical data about tool automation
usage that sheds additional light on the long-term complexity change.

4.4.4. Declining quality hypothesis

Declining quality was supported in the phase one models of this research, although the coefficient on
AGE was essentially zero, so that the increase in the number of corrections per module was so small
it was almost zero (the number of corrections per module increases at less than 0.000 01 per month
per module). As can be seen in Figure 5, with average use of an automation tool the intercept shifts
up significantly: there are about 10 times the number of corrections per module relative to no use of
automation. However, there is also a ‘slope effect’ with automation such that the number of corrections
per module declines with AGE at about 0.0002 fewer corrections per month. With the highest use of
automation, the intercept shifts up 30 times higher relative to no automation (in terms of the number of
corrections per module), but again there is a negative coefficient, i.e., slope effect, with the highest use
of automation as the correction rate falls substantially over time. After 10 years the correction rates with
automation have declined so much that they approach those without automation (correction rate with no
automation is 0.0011, correction rate with average automation is 0.0038, and the correction rate with
high automation is 0.0088). Thus, over a decade, the correction rate with an average use of automation
declines by a factor of three, and the correction rate with the highest use of automation declines by a
factor of four, both relative to correction rates without automation (which remain largely unchanged
over the 10-year period). In addition, the use of an automation tool explains an additional 30% of the
variation in the number of corrections per module over and above AGE. Overall, the interpretation is
that with automation there is initially a shift up in the intercept (a higher level of corrections), but that,
over time, the rate of corrections drops substantially. Automation may be helping the organization to
keep correction rates lower than they would otherwise be, given the increased growth in activities and
number of modules in the portfolio.

4.4.5. Conservation of familiarity hypothesis

The law of conservation of familiarity was supported in phase one as the percentage growth rate in the
number of modules in the portfolio declined slightly. Again, however, the addition of the automation
tool variable provides additional insight. As can be seen in Figure 6, without automation the percentage
growth rate actually increases quite sharply: the percentage growth rate increases by a factor of five
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Figure 5. Correction rates with/without automation (law of declining quality).

over 10 years (from 2% to 10%). With average use of automation the initial percentage growth rate
is higher (4%), but it does not change as much, increasingly slightly to just under 6% over 10 years.
With higher use of automation, the initial percentage growth rate is almost four times that without
automation (just over 8%). However, over time, the percentage growth rate with the highest use of
automation actually declines quite sharply, going below the percentage growth with no automation and
with average automation after approximately three years. Therefore, the finding in phase one that the
percentage growth rate was declining was correct overall, but did not offer any insight into how this
was happening.

Overall, what can be seen from this phase two analysis is that the portfolio grows more rapidly
(in terms of percentage growth rate) without automation than with automation. The use of an
automation tool appears to have had a stabilizing effect on the portfolio as a whole, helping to, in
Lehman’s terms, ‘conserve familiarity’ in the long term.

4.4.6. Conservation of organizational stability hypothesis

Conservation of organizational stability was not supported in phase one. As can be seen in Figure 7
the usage of an automation tool significantly increases productivity levels, impacting the work rate
as developers become more productive over time. With automation there is a shift up in the level
of productivity, just as the literature would suggest, and just as many studies that relied solely on
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Figure 6. Percentage growth rate with/without automation (law of conservation of familiarity).

perceptual measures suggested. Thus, there does not appear to be an ‘invariant work rate’ as suggested
by the conservation of organizational stability hypothesis. Instead, developers are empirically shown to
be more productive with an automation tool based on this quantitative analysis. With an average use of
automation, the activity level per developer is almost twice that without automation. With the highest
automation tool usage, the activity level per developer is almost four times that without automation,
i.e., the impact of automation is shown by shifts in the intercept.

The work rate, i.e., productivity, increases slightly over time both with and without automation, as
indicated by the nearly parallel lines. However, after 10 years, the differences between productivity
levels with and without automation are about half as much as initially. Overall, what Figure 7 suggests
is that the use of automation raises the productivity level without substantially increasing the rate of
productivity change over time. The usage of an automation tool explains an additional 25% of the
variation in work rate besides AGE, so it has a significant impact, but only as an intercept (i.e., raising
the productivity level), not substantially increasing the slope or rate of change in productivity over time.
This is precisely what we would expect in support of the law, on conservation of organizational stability.
Referring to early investigations of this law, we find that organizational stability refers to an invariant
work rate, i.e., a steady level of productive work from a constant level of input resources. Barring
any exogenous changes to developers’ work, an invariant work rate implies that their productivity
level will remain unchanged over time. What we have found is that using an automation tool has
the greatest impact on each developer’s average level of productivity (in terms of the number of
activities performed). Thus, automation tool usage is shown here to raise the level of productivity of

Copyright c© 2007 John Wiley & Sons, Ltd. J. Softw. Maint. Evol.: Res. Pract. 2007; 19:1–31
DOI: 10.1002/smr



26 E. J. BARRY, C. F. KEMERER AND S. A. SLAUGHTER

0

1

2

3

4

5

6

7

8

9

10

12
0

12
4

12
8

13
2

13
6

14
0

14
4

14
8

15
2

15
6

16
0

16
4

16
8

17
2

17
6

18
0

18
4

18
8

19
2

19
6

20
0

20
4

20
8

21
2

21
6

22
0

22
4

22
8

23
2

23
6

24
0

Age in months

A
ll

a
c
ti
v
it
ie

s
p
e
r

p
ro

g
ra

m
m

e
r

NO TOOL USE AVG TOOL USE HIGH TOOL USE

Figure 7. Work rate with/without automation (law of conservation of organizational stability).

the organization to a new constant, i.e., stable, level, but did not substantively change the improvement
pace of the work rate over time.

4.5. Summary of phase two results

From the phase two analysis where the specific effects of software process an automation tool are
explicitly modeled using moderated regression we can see two main kinds of results. The first kind
reflects a greater ability to evaluate and interpret the test of the hypotheses on software evolution. In the
phase one analysis, the hypotheses are tested by using AGE as the explanatory variable. While this is
consistent with how the hypotheses have been described, it does not provide significant insight into
why systems behave in these manners. In addition, in phase one some hypotheses were shown as not
being supported by the data, e.g., the law of increasing complexity. However, the phase two analysis,
which includes the effect of software process automation, shows that the use of a tool over time helped
the organization to manage the growth of complexity in the software portfolio. Similarly, the invariant
work rate hypothesis, which conceivably might be true in an environment without significant technical
change, is not supported in this organization because of the adoption and use of an automation tool.

The phase two set of results reveals the direct and long-term impact of automation on variables
of interest to both software developers and managers. The use of automation increases the growth
in portfolio functionality and work activities accomplished, but at a rate that is sustainable for the
organization. Furthermore, automation seems to have a stabilizing effect on growth. For example,
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although the use of automation increases the level of complexity initially, over time complexity declines
sharply with intensive use of automation. The intensive use of automation significantly improves
software quality (i.e., reduces the number of corrections per module) over time despite the software
system changes resulting from continued software evolution.

4.6. Sensitivity analysis

Appropriate interpretation of the results of estimates from regression models assumes that the data
meet a variety of standard assumptions concerning the distribution of the data. As the nature of the
phenomenon of software evolution is one of behavior over time, we collected a time series dataset.
Time series data typically suffer from some degree of serial correlation, i.e., values in period t + 1 are
unlikely to be independent from their value in period t . Therefore, as described above, we estimated
all of the models using the Prais–Winsten correction for serial correlation.

There are a variety of other standard assumptions including normality, heteroskedasticity, and the
absence of influential outliers. In order to accommodate possible violations of these assumptions we
re-ran all of the regressions using the robust variance estimators of Huber and White (also known as
the sandwich estimators) [44–46]. There are 24 regression models (for five of the laws there are three
models each, linear, quadratic, and interaction, for a sub-total of 15, and for the law on increasing
complexity there are three models times three different measures of complexity which is equal to nine
models; 15 + 9 = 24). We find that these robust models yield essentially the same results: in one case
the statistical significance is worse, 15 are essentially unchanged, and in eight cases the results are
actually stronger in terms of improved statistical significance. (In particular, in the robust model the
coefficients for AGE2, TOOL, and AGE × TOOL are statistically significant at the 0.05 level for the
interaction model for the law of conservation of familiarity, which allows for their interpretation as
shown in Figure 6.) In the single inferior case (law of declining quality, interaction model) only one of
the original three variables is significant at the 0.05 level. However, even in that case the overall model
remains statistically significant (F = 42.79, p < 0.001).

We also test for collinearity using the Belsley–Kuh–Welsch (BKW) condition index [47].
The value for model 1 (AGE only) was 1.0, for model 2 (AGE and AGE2) 2.618, and for model 3
(fully interactive) 22.3. All of these values are beneath the BKW threshold value of 30 for potentially
undesirable collinearity. (The third model is naturally the highest given the inclusion of interaction
terms, e.g., some collinearity would be expected between AGE and TOOL × AGE, TOOL and
TOOL × AGE2, etc.) However, all values for this index are well below the threshold level. Therefore,
the estimated values of the coefficients in all of the models can be interpreted with confidence with
regard to the desirable absence of collinearity.

5. CONCLUSIONS

Our analysis of these longitudinal empirical software data shows that automation is helping the
software development organization to do more work, to do it more productively, and to increase the
functionality of the portfolio, all while managing the rate of growth so that it remains sustainable.
All of this occurs simultaneously with complexity that increases at a decreasing rate, despite the
increase in maintenance activities and the growing portfolio functionality. Overall, the phase two
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moderated regression model provides a strong validation of the types of effects that many researchers
and practitioners have hypothesized (and even hoped) for automation tools, but without longitudinal
empirical data it has been nearly impossible to provide quantitative support. In order to demonstrate
these effects an organization implementing software process automation tools must collect data in a
software repository, and do so for a sufficient length of time for the effect to be measured and analyzed.
In addition, the use of a moderated regression approach helps to quantify and estimate the precise
impacts of the tools on software evolution.

Making major changes to work practices is not easy. All organizations tend to resist changes to
the basic core activities they use to survive. Although software development organizations are often
perceived to be good at creating change for their customers and users, the irony is that software
development organizations may be no better at accepting change than any other organization. However,
software development organizations are in a unique position to collect and store great quantities of
data recording the effects of changes to standard operating procedures and practices, such as the
implementation of automation tools.

It is difficult for software managers to economically justify changes to the processes used in
creating and testing software development and maintenance. The effects of decisions about new tools,
procedures, languages, operating systems, and/or hardware may not be measurable until much later
in the lifecycle of the software. In addition, most significant changes to software and hardware are
relatively expensive. In the past there has been very little evaluation of the long-term outcomes from
these costly investments in time and money.

With this research project we have demonstrated the power of analyzing a large empirical dataset of
longitudinal data on software systems. This work began by demonstrating support for Lehman’s laws
of software evolution, a software engineering benchmark. Then, the archival data have afforded us a
natural field experiment to analyze the difference in the behavior of a software portfolio occurring
both before and after the implementation of a tool for automated code generation. Moreover, our
analysis shows how longitudinal empirical software data can be used to test, evaluate, and ultimately
justify investments in process improvement. Our moderated regression analysis also has allowed us
to quantify the particular effects of software process improvement innovations (such as automation)
on important software development outcomes; for example, we were able to determine the average
productivity levels for developers and the correction rates per module for the organization with and
without automation using actual data.

Of course, no such empirical study can be comprehensive, nor can it satisfy every reader’s questions.
Although we use a large dataset, and one that is unusual in software engineering owing to its significant
longitudinal nature, all of our data are from a single organization. It is certainly possible that similar
data, should it become available from another research site, could support different results. Of course,
use of data from a single organization also offers the benefits of essentially controlling for a number
of other factors that might otherwise vary were data to be collected from multiple organizations, e.g.,
perhaps through a survey instrument. Single organization data are also more likely to be collected in
a consistent manner; again, a factor that is less likely in a multi-organization study unless very strict
research controls are maintained.

Testing software evolution is inherently a dynamic exercise that requires longitudinal data. However,
any longitudinal dataset will include the effects of the passage of time. In this study we are interested
in the impact of an automated tool, and are able to identify which modules were developed using the
tool and which were not. Therefore, and because it is the goal of such tools to improve performance
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in the ways in which we have measured, there is a strong belief that the effects that are shown are
due to the tool use. However, as in all such empirical studies, it is always possible that there is some
other unmeasured variable that coincides exactly or in a significant manner with the tool variable and
is therefore also or even primarily responsible for the observed effect. While we do not believe there to
be such a phenomenon at this research site, replication of this study within another organization or over
a different 20-year time period would certainly be of value in confirming the results we have shown
here.

Future research that has the goal of understanding the impacts of software process innovations
could adopt our approach. First, it is essential for the software development organization to collect
data on its systems over a period of time. It can be expected that most innovations require some
time to have an effect. As part of the software development effort, repositories such as configuration-
management systems and project-management systems regularly collect data on developer and system
characteristics (such as the size, time, and date of change, the developer making the change, and the
effort required to make the change) that are archived, but often not analyzed. The software code
in such repositories can also be analyzed, as we have done here, using a code-analysis tool to, for
example, measure levels of software complexity. Second, the data on system characteristics should
be supplemented with measures of the adoption or usage of the particular innovation to be studied.
For example, in our study we were able to obtain detailed measures of the extent to which the
automation tool had been used in the software portfolio and when the tool was used. This allowed
us to conduct a before and after analysis of the tool’s impact on the portfolio. Finally, it is helpful to
use an analytical technique, such as moderated regression analysis, that can help to identify the impacts
of the process innovation on software development outcomes. Future research studies that adopt this
approach can provide important insights that can help software engineers and managers make better
development decisions.
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