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ABSTRACT

The paper presents the first empirical study to examine
econometric time series volatility modeling in the software
evolution context. The econometric volatility concept is
related to the conditional variance of a time series rather
than the conditional mean targeted in conventional regres-
sion analysis. The software evolution context is motivated
by relating these variance characteristics to the proximity of
operating system releases, the theoretical hypothesis being
that volatile characteristics increase nearby new milestone
releases. The empirical experiment is done with a case study
of FreeBSD. The analysis is carried out with 12 time series
related to bug tracking, development activity, and commu-
nication. A historical period from 1995 to 2011 is covered
under a daily sampling frequency. According to the results
the time series dataset contains visible volatility character-
istics, but these cannot be explained by the time windows
around the six observed major FreeBSD releases. The paper
consequently contributes to the software evolution research
field with new methodological ideas, as well as with both
positive and negative empirical results.
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1. INTRODUCTION

This exploratory empirical paper has a dual purpose (P):
to introduce and evaluate time series volatility modeling for
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software evolution research (P1), and to investigate whether
volatility increases near new operating system releases (P2).
Volatility is part of the econometric time series nomen-
clature. While no unequivocal definitions can be given for
the phenomenon, some aspects of volatility are generally
agreed upon particularly in financial econometrics; volatil-
ity is related to risks, uncertainty, and variance. Accord-
ingly, variability depends on past variability, which causes
uncertainty and risks in planning and estimation. In stock
markets a conventional reasoning starts from the serially cor-
related arrival of new and unanticipated news available to
the traders [1, 2]. The actors and their algorithms will have
different reactions to these news; someone or something may
sell, someone may buy. This causes rapid short-run fluctu-
ations. As someone or something may subsequently buy or
sell as a response to the increased activity, volatility tends
to cluster in time. Once the buyers and sellers have amalga-
mated the new news and each other’s reactions, trading re-
turns to its normal trajectory. The message from this naive
sketch for an economic interpretation is that the interest in
volatility modeling is to observe activity, volatility, rather
than the time series averages, or the direction of time series.
Volatility is likely to be observable in numerous different
software evolution applications [3], although the generative
theoretical mechanisms differ. It can be related to the mod-
eling of email flows, for instance. If volume measures the
number of emails, velocity would measure how rapidly the
volume of emails changes [4]. This is also one theoretical
rationale for volatility modeling: early resolution of uncer-
tainty helps to plan the future, but the point in volatility
modeling is not necessarily whether the release of informa-
tion will result changes, but rather whether the acceleration
in the flow of information will result changes [5]. If change
rates, or first-differences, Ay: = y+ — y+—1, are observed,
increasing volatility would then indicate increasing velocity
through increasing variance in the change rates. The econo-
metric volatility effect is also stochastic; a large change in
volume is likely to be followed by another large change.
Perhaps the most apparent long-run software evolution
explanation relates to new milestone releases around which
software engineering and related activities tend to increase
or intensify [6, 7]. Schedules are set, final development it-
erations are completed, increasing variability is introduced
by branching [8], reliability assessments are made, marketing
scenarios are planned or fine-tuned, and so forth. Since code
churn presumably increases temporally as a result, the prob-
ability of making mistakes likely increases, including the like-



lihood to introduce security vulnerabilities [9, 10, 11]. Be-
sides these software engineering aspects, volatility may be
important for marketing purposes. In the age of crowdsourc-
ing and fundraising, knowing when a crowd reacts may be
important in targeting the timing of marketing and other
visibility campaigns, for instance.

The traditional software evolution background would also
relate to the continuous changes, which should not be too
rapid in order to maintain developers’ ability to absorb the
new information related to a code base [12]. As will be later
elaborated in detail, volatility tends to cluster in time. In
a sense, therefore, volatility works against the principle of
constant and stable change rates. The effect may be seen in
different short-run sliding windows that measure larger com-
mit transactions in version control systems [13]. Software
engineering processes offer another example. As volatility
implies time-dependencies in the variance of a time series,
common practices such as sprints in agile development are
likely to cause different volatility characteristics; variance
may start to cluster towards the end of a sprint, for instance.

In a summary, there are numerous different software engi-
neering aspects that may lead to time series volatility. While
the paper leaves the theoretical interpretation open, the em-
pirical rationale is clear: an empirical baseline is required for
volatility modeling before explicit, theoretically meaningful
software engineering questions can be investigated in more
detail (P1). Nevertheless, the timing of major operating sys-
tem releases is used to theoretically motivate the empirical
experiment that models volatility in twelve high-frequency
time series extracted from the FreeBSD development infras-
tructure (P2). The expectation is that volatility increases
in the proximity of the six major FreeBSD releases made
between 1995 and 2011. Before proceeding to the actual
experiment, the empirical approach is first elaborated.

2. EMPIRICAL APPROACH

The empirical approach can be elaborated by first con-
sidering the basic time series rationale behind economet-
ric volatility modeling. The proximity of releases is sub-
sequently discussed in relation to the models. The fitting
strategy follows.

2.1 Volatility

The time series volatility phenomenon is best illustrated
by considering simple algebraic assumptions in time series
regression models. Therefore, consider a model:

yt:f(yt|zt7)+6t:x;ﬁ+€t7 t:17"'7T7 (1)

where y: is the dependent (modeled) time series, x; is a
vector of independent variables, 3 is a vector of regression
coefficients, and €; is the residual process. The function
f() is used to denote an arbitrary time series model that is
based on the information set, Z;_, available to model esti-
mators before the current time index ¢t. The vector x; may,
therefore, contain also lagged values of y;, among other ex-
planatory variables.

For instance, and for the purposes of this paper, the func-
tion f(-) can be assumed to denote the classical autore-
gressive (AR) integrated (I) moving-average (MA) model
(ARIMA). Given non-negative integers p, d, and ¢ for the
order of the abbreviations AR, I, and MA, respectively, the
general goal is to have a small parsimonious ARIMA(p, d, q)
model that renders €; as white noise while providing good
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predictive power. While further acronyms and different al-
terations are often required, this classical model generally
performs even amazingly well in forecasting [6, 14]. The em-
pirical rather than theoretical motivation behind the ARIMA
model is illustrative also from a different viewpoint.

The goal in ARIMA-like modeling is to forecast the future.
In the context of the regression equation (1) this implies that
the model predicts the conditional mean,

E(y: | xi) = x18,
If the model fits well for a given dataset, assumptions

E(e:) =0, Var(e) =1, e ~ N(0,1)

X; € It_.

(2)

and

3)

are often made. In other words, €; is independent and iden-
tically distributed from the normal distribution with a mean
of zero and variance equal to unity; the residual process is
Gaussian white noise. Time series volatility models are in-
terested in the cases for which these assumptions do not
apply. More specifically, the interest is to model the condi-
tional variance rather than the conditional mean.!

Consider now that the model in (1) instead yields a resid-
ual process v; that contains the white noise €, from (3), and
another component that is dependent on the past:

(4)

where o; denotes the positive time-varying component of
interest [15]. This provides the underlying idea in volatility
modeling: the goal is to condition this component based on
the information available in Z;—. In terms of (4) this means
that the white noise process is multiplied by the conditional
standard deviation, o, which is always non-negative.?

Thus, from a Bayesian viewpoint, the idea is to make de-
pendent draws from the normal distribution rather than in-
dependent draws from ~ N(0, 1), that is, from the standard
normal distribution. Although normality as such is not im-
portant, this amounts to saying that

Ut | It_ ~ N(0,0’f)

VUt = €t0t,

(5)
or that

ye | T ~ N[x;8, Var(y: | Zi-)), (6)

where x;/3 is the conditional mean from (2). In other words,
both the conditional mean and the conditional variance are
parameterizable functions of the information in Z;_.

The statistical meaning of volatility can be now contem-
plated by comparing the assumption ~ N(0,1) in (3) to
the volatility assumption in (5). Since the residual process
from (1) now has a variance o7 that can be predicted by
the available information before ¢, the conditional variance
evolves in time. For instance, the variance might be depen-
dent on the past variances at t — 1 and t — 2,

Var(ve | vi—1,ve-2) = o7, (7)
or more generally
o7 = Var(ve | T,—) = Var(y: | Zi—). (8)

! In terms of the existing classification of software evolu-
tion volatility into amplitude, periodicity, and dispersion [3],
econometric volatility modeling would concentrate to the
last type. Note, though, that for instance periodicity can
be incorporated to the econometric volatility models.

2 Notice that the unconditional mean of v; still remains
constant; taking expectations from (4) yields zero due to
the white noise assumptions in (3).




An intuitive interpretation would be that in case the past
drews, ~ N(0, 07_1) and ~ N(0, 07_,), were done by specify-
ing a large dispersion for the normal probability distribution,
then also o7 is likely to be large. This explains why volatility
tends to cluster in time. This tendency is neither determin-
istic nor infinite, however. Although the dependence on time
typically fades away quickly, a large variance does not trans-
late always to a large variate [16]. In other words, even if
o?_, and o2, were large, the variance at ¢t may sometimes
be moderate. Nevertheless, a time series shock — such as a
new release — will show as a large deviation of the dependent
process from the specified conditional mean (i.e., as a devia-
tion of y; from the fitted values), but the same shock can be
seen also as a large positive or negative value in the resid-
ual process [17]. Volatility models do not make assumptions
about the signs of the residuals, however. In other words,
large values in the residual process tend to be followed with
large values of either sign.

This statistical meaning also underlines the theoretical
weaknesses in volatility modeling; what does it mean to
model the conditional variance? In financial econometrics
volatility modeling became extremely popular supposedly
largely because of direct theoretical applicability and value
in practical policy decisions. In other fields the formulation
of theory around the processes has often been more diffi-
cult. One way to approach the question is technical. It has
been suspected, among other things, that the processes such
as (7) might be simply due to the effect of variables omitted
from estimated models [15]. This portrays the processes in
usual statistical terms; as evidence of misspecification and
nuisance to get rid of. In software evolution this rationale
would perhaps lead to smoothing with different time series
filters [6, 18], given the general empirical software engineer-
ing rationale to clean datasets from undesirable noise [19],
and to avoid the omitted variable bias [20]. If the volatil-
ity noise is retained, however, it is often unclear in applied
work whether the theoretical shocks should be modeled in
terms of the conditional mean or the conditional variance.
The empirical experiment follows the latter path; the new
major releases are assumed to shock the second conditional
term in (6). If this theoretical hypothesis is rejected, the po-
tential volatility characteristics (P1) are likely generated by
other mechanisms than release engineering and associated
activities (P2). If the hypothesis holds, the concept of time
deformation [1, 21] could be adopted as a high-level theoret-
ical explanation; the real calendar time and the release-cycle
pseudo-time may proceed at different speeds, generating dif-
ferent volatility characteristics.

2.2 The Proximity of Releases

Consider the following simple definition for a deterministic
control variable PRX}, the proximity of the r:th release:

1 if te <t <ty

0 if t, €& [ta,ts] ’ ©)

PRX} (ta,tr, ts) = {
where all three date indices are inside a time series sample
window, and ¢, denotes an index of a given release day.
A case t, = t, = tp defines a standard dummy variable,
omitting the word proximity present in the abbreviation.
That is, only the actual release day would be observed.

The software engineering motivation for (9) comes from
the sliding window model that was initially introduced for
the detection of commit transaction sequences and associ-
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ated bursts [13], and then extended to other purposes with
good results [22, 23]. The general idea is also rather simi-
lar to the windows used in the so-called event studies that
examine stock market reactions to different unanticipated
events, including, for instance, mergers and acquisitions,
computer security breaches, and outsourcing events and an-
nouncements [2, 24]. These have been incorporated also to
volatility modeling [1]. Regardless of the domain of applica-
tion, there is a generic problem associated with all simple,
deterministic windows: the length cannot be easily defined.
While different transition state models [25] could be consid-
ered, the problem can be approached also theoretically.

Although large variations are present between different
open source projects, existing empirical research indicates
that traffic increases near adoption peaks (releases), while
traffic in development-oriented systems increases before re-
leases or large refactoring periods [26]. The latter effect is
typical particularly in the BSD operating system context
within which releases are polished for a relatively long pe-
riod by the developer community, although a release engi-
neering team typically handles the actual scheduling and
branching. The preparation periods include, for instance,
different “hackathons”, which hint that commits and gen-
eral programming activity increase before releases. How-
ever, provided that adoption peaks nearby major releases,
also systems such as bug tracking should show increasing
volatility as bugs are discovered by the newly arrived users.
Further examples are easy to pinpoint to signify this het-
erogeneity assumption. For instance, the arrival of social
media has partially challenged the existing mailing list com-
munication media; open source blogging has been observed
to increase after releases, partially again because of the non-
developer communities [7]. All in all, it seems that volatility
is likely to vary from a software development work system to
another, but it is more difficult to make clear-cut theoretical
corollaries regarding the timings.

To make the theoretical assumptions explicit: the window
in (9) is defined with a positive integer that is uniformly
shared between the observed r = 1,..., R releases. That is,
a modified proximity metric PRX; takes a value one in case
t, € [tr — k,t, + k] for some shared positive integer k > 0,
tr-+k < T,t, — k > 1. For instance, with £k = 1 a met-
ric PRX; (k, t,, k) yields a vector (0,...,0,1,1,1,0,...,0),
which would be presumed to capture the shock introduced
by the r:th release in the conditional variance, given a model
for the conditional mean.

2.3 Estimation

The seminal work in [15] introduced an autoregressive
conditional heteroskedasticity model, denoted by ARCH(q).
The key idea behind the ARCH(q) model is that v, in (4) is
uncorrelated across time with E(v:) = 0, but the conditional
variance of it, o7, may change in time. The original model
required weights to ensure that volatility will eventually de-
cay. This motivated the generalized ARCH representation
known as GARCH. This GARCH(p, ¢) model, which was
introduced in [27], is based on a seemingly ARMA-like idea:

q P
ot :a0+zaivt27i+2ﬁjat27ja (10)
i=1 j=1
where ¢ >0, p >0, a0 >0,and a; >0 foralli=1,...,q,

and B; > 0 for all j = 1,...,p. These restrictions en-



sure that the conditional variance is always strictly positive.
An important mathematical result relates to the uncondi-
tional variance that should be asymptotically constant in
order for the process to be stationary [15, 27]. For instance,
given the non-negativity restriction required for variance, a
GARCH(1, 1) process is (weakly) stationary if a1 + 81 < 1.

The model building process is similar to ARIMA mod-
eling. In fact, the volatility models are typically fitted by
using an ARMA structure for the mean and a GARCH struc-
ture for the variance, resulting GARCH(p1, q1)-ARIMA (p2,
d, q2) models. The identification is often easier for the vari-
ance parameters p1 and g1 than for the conventional AR(p2)
and MA(g2) terms. For instance, it has been observed that a
short GARCH(1, 1) structure is adequate to represent many
financial time series [17]. This was used as the reference
point in the empirical experiment. The ARMA structures
were constructed by visually investigating correlograms, and
by checking that no remaining autocorrelation was present
according to the Ljung-Box test. The (G)ARCH effects can
be evaluated with the Engle-test named after the inventor.
In essence: given (10) and residuals from (1), a model

~2 ~2 ~2 ~2
€ = Qo+ Q1€ + Q262+ -+ Qg€ g + U,

(11)

should fit well in case there are volatility characteristics in y.
Alternatively, the Ljung-Box test can be used to investigate
the effect of the past squared residuals.

There are at least two approaches to model the release
windows. The first is based on the conventional machine
learning principle: given a predefined period before the ¢,:th
release, train the data in a window before ¢,, and then carry
out the evaluation in the window starting from ¢, +k.2 This
has been also a common principle in the noted event stud-
ies [28], although in time series analysis numerically equiv-
alent results can be (often) obtained by using deterministic
dummy variables [29, 30]. The latter path is suitable for the
purposes of this paper. Consequently, the modified PRX}
metric was first used to investigate the effect of each of the
six major releases separately. The results were similar to
using the following additional simplification:

6
PRX(k) = > PRX" (k, t,,, k), (12)
j=1

which aggregates the individual effects into a single vector.
This is used in the results reported. The following win-
dows were tested: k = 1 (one day before and after), k = 3
(a week), and k = 15 (approximately a month). The re-
sults were similar with all integers. Finally, the rugarch
package [31] is used for computation.

3. EMPIRICAL EXPERIMENT

The empirical experiment proceeds by first introducing
the FreeBSD dataset. A few statistical observations are sub-
sequently made. The volatility estimates follow.

3.1 Data

3 Although the estimation can be done for instance by con-
sidering the estimation window, the event window, and the
post-event window [28], it should be emphasized that the
time series context forbids randomization of observations in
the windows. That is to say, the approach should not be
confused with the k-fold cross-validation techniques.
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The twelve time series metrics are summarized in Table 1.
All series are observed daily during a period from the first
day of January 1995 to the last day of December 2011. Fol-
lowing the existing practices [32], all metrics were collected
on a priori grounds, meaning that the selected features were
chosen before analysis. This choice also limited the end of
the sampling period to 2011. The time series metrics are
grouped into four categories: bug tracking, mailing lists,
commit activity, and commit magnitudes.

Two major changes have been made in the FreeBSD project
regarding the essential software development tools. First,
the Concurrent Versions System (CVS) was replaced with
Subversion in 2008. All data was extracted from the trans-
formed Subversion histories. Second, the project decided to
abandon the old email-based GNATS bug tracking system
in 2014. The bug tracking data refers only to the historical
tracking with the old system. The two metrics BRA and
BRC, the number of arrived and closed bug reports, respec-
tively, are based directly on data extracted from GNATS.
No classifications are mare according to the status, type,
or category of bugs. The third bug tracking metric, BRR,
records the number of replies made to the reports. Given the
way GNATS works [33], BRR was matched from replies to
the freebsd-bugs mailing list by using a regular expression.

Mailing lists provide the primary medium for epistemic in-
teractions [34] particularly in the open source operating sys-
tem context. Four mailing list archives were consequently
included in the sample: besides the noted freebsd-bugs,
freebsd-current (discussions concerning the running de-
velopment branch), freebsd-hackers (general technical dis-
cussions and debates), and freebsd-questions (user ques-
tions and support) are observed. These refer to BRR, MLC,
MLH, and MLQ in Table 1, respectively.

Development activity is observed with six metrics grouped
into two categories, both of which relate to code churn [11].
First, the three commit activity metrics simply count the
number of commits. The three activity metrics (CTB, CTP,
and CTD) differ in their domain, however. FreeBSD con-
tains three separate development domains with three sep-
arate version control trees: base refers to the actual BSD
operating system; ports is used for packing external third-
party open source software; and doc is used for documenta-
tion. Second, the analogously grouped metrics LDB, LDP,
LDD were obtained commit-by-commit with svnlook diff,
which was passed to wc -1. Consequently, the metrics mea-
sure roughly the total size or magnitude of commits in terms
of the changed files and lines in a day. These are, of course,
only approximations; there is a large and systematic diver-
gence from the magnitude of changed source code already
due to the additional information printed by Subversion.
Since the empirical interest (P2) is to model volatility — for
which churn seems like the ideal case — the interpretations
should not be significantly threatened by these inaccuracies.

All collected metrics were aggregated to cumulative daily
sums. In the time series literature this aggregation solution
is sometimes referred to as a flow scheme, as opposed to
a stock or aggregation by using different averages [35]. More
importantly, the time series are not irregular but instead
follow equally spaced, daily intervals in calendar time. Given
four leap years, each time series i = 1,...,12 has a length of
T = (4 x 366) + (13 x 365) = 6209. No data transformations
were applied, although the three commit magnitude metrics



Table 1: Metrics

1. Bug Reports

3. Commit Activity

BRA  Number of arrived bug reports
BRC  Number of closed bug reports
BRR  Number of replies to bug reports

CTB Number of commits to base
CTP  Number of commits to ports
CTD Number of commits to doc

2. Mailing Lists 4. Commit Magnitudes

LDB Lines of commit differences in base
LDP Lines of commit differences in ports
LDD Lines of commit differences in doc

MLC  Number of messages on current
MLH Number of messages on hackers
MLQ Number of messages on questions

The bug tracking and mailing list data is based on archives that were provided by the FreeBSD project
in July 2014 from the server at ftp://ftp.freebsd.org. The commit data is based on full Subversion trees
provided from the same server for the purposes of mirroring.
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were multiplied by 10000~ for easier interpretation. This

has no effect on the results reported.

3.2 Preliminaries

Figure 1: Data

time series trends. If the kernel smoothing techniques [6]
are used to aid the visual inspection, several different trends
become more visible. For instance, the trend in MLQ shows
an interesting boomerang-shape. Another point worth re-
marking relates to the trends in the bug tracking system

The metrics are visualized in Fig. 1. In general, the laws
of software evolution [12] have been observed to hold also in
FreeBSD. The continuous growth of the code base has been
observed to follow a linear trend, for instance [36]. The six
commit activity and magnitude metrics generally support
the observation; the development activity has not halted.
Most of the time series show significant volatility noise, how-
ever, which prevents a human eye from clearly seeing the
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(see Fig. 2). The arrival of new bug reports seems to have
closely followed the closure of old reports in the long-run.
On the other hand, even after filtering a human eye has
difficulties in seeing a clear clustering pattern around the
six major releases. There are some peaks, however. For
instance, some series peak near the fifth major release. This
historical release was developed in the first part of the 2000s
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during which symmetric multiprocessing was introduced to
FreeBSD, among other large architectural changes that also
caused some community problems [37]. In general, however,
the visible turbulence periods do not seem to systematically
cluster around the proximity of all observed releases.

Other basic time series characteristics can be summarized
with three general observations. First, volatility models as-
sume stationarity. Formal test results are consequently re-
ported in Table 2. The null hypothesis of stationarity is
clearly rejected for all series, while all differenced series ap-
pear to be stationary. A further concern relates to the visible
level shifts in the variance trajectories (see Fig. 1), which
are typical factors that may undermine the stationary as-
sumption [16], leading to the so-called integrated -GARCH
model [38]. Nevertheless, the analysis is carried out under
the assumption that the first-differenced series are adequate
for the fitted GARCH-AR(1)MA models. To illustrate the
graphical shape of the first-differenced series, the differenced
BRA and BRC are shown in Fig. 3.

Second, normality is a potential problem. As might be
typical for software engineering time series, all differenced
series are distributed according to a bell-shaped curve that
somewhat resembles the normal distribution, although the
mass is sharply located around zero. Formal tests, conse-
quently, reject normality for all univariate series, whether
in levels or in differences (see Table 3). This suggests that
some alternative distribution could be preferable. In volatil-
ity modeling the Student’s ¢-distribution has been a popular
alternative for the normal distribution [16, 31]. It also seems
like a reasonable choice to describe the density shapes of
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the differenced series. To investigate this possibility further,
Fig. 4 shows quantile-quantile plots for the differenced BRA
and BRC using the (central) Student’s ¢-distribution. A vi-
sual conclusion confirms that the normality assumption may
not be realistic. Consequently, the ¢t-distribution is specified
for the reported models, although the same conclusions can
be reached under the more familiar normal distribution.

Differenced BRA Differenced BRC

200

df=1.2 df=1.3

)
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Figure 4: Two Student’s ¢t Q-Q Plots
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Third, the three mailing list time series exhibit season-
ality. This can be illustrated with the four correlograms
in Fig. 5. (All other series show similar patterns to the
shown differenced BRA). The cycle seems to follow rela-
tively clearly the weekly variation. While seasonal ARIMA
models [14] could be considered for the conditional mean
models, no special seasonal effects are included for the three
mailing list metrics.* The autocorrelation functions (ACFs)
also indicate that the memory of the differenced series seem
to be relatively short in general. Moreover, differencing
seems to cause a negative autocorrelation at the first lag,
suggesting that simple first-differences do not fully account
for the trending characteristics in the level of the series.

3.3 Results

The formal modeling can be started by investigating the
time-dependence of the residual variance processes. This
can be done in two simple steps. First, plain AR(p) mod-
els were fitted for the first-differenced series by letting the
Akaike’s information criterion (AIC) to pick the suitable lag
length automatically. Second, the squared residuals from the
autoregressive results were used to estimate (11) by again

4 The reason is partially practical; the used implementa-
tion [31] does not allow to easily define seasonal components.



Table 2: Unit Root Tests (KPSS)

Levels Differences Levels Differences

Value Result Value Result Value Result Value Result
BRA; 1142 ~I(1) 0.01 ~ I(0) CTB; 225 ~1I(1) 0.02 ~ I(0)
BRC; 11.18 ~1I(1) 0.01 ~1(0) CTP: 1176 ~1I(1) <0.01 ~1(0)
BRR: 1.20 ~I(1) 0.01 ~ I(0) CTD: 3.84 ~1I(1) 0.01 ~ I(0)
MLC; 1.52 ~1I(1) 0.01 ~1(0) LDB; 333 ~1I(1) <001 ~1(0)
MLH; 1446 ~I(1) 0.01 ~ 1(0) LDP; 772 ~1I(1) <001 ~1I(0)
MLQ, 5.59 ~I(1) 0.02 ~ I(0) LDD; 1.18 ~1I(1) <0.01 ~1I(0)

The table reports results from the so-called KPSS stationarity tests [39]. The null hypothesis is a
stationary process, denoted by ~ I(0). The alternative of non-stationarity is marked with ~ I(1).

More specifically: a tested series z; is assumed to follow x; = z¢ + u, where z;

zt—1 + € and

e, ~ N(O, af). Given this representation, Hy is that &f = 0, implying that the additional pure random
walk term, z;, is constant around zero mean. The ancillary lag length was truncated from 4x {¢/(7/100)
to 33. Critical values at ten, five, and one percent levels are 0.35, 0.46, and 0.74, respectively, as given
by the ur.kpss function used for estimation [40].

Table 3: Normality Tests (Shapiro-Wilk)

Levels Differences Levels Differences

Value p Value »p Value p Value p  Density of ACTB;
BRA: 0.95 Vv 0.87 v CTB; 091 VvV 096 v _
BRC; 09 v 092 V CTP; 092 v 08 v =
BRR: 0.61 Vv 0.7 vV CTD; 0.83 Vv 090 v
MLC; 0.88 Vv 093 V LDB; 024 Vv 038 v 2
MLH; 084 Vv 095 V LDP; 0.53 Vv 0.60 Vv g
MLQ, 0.95 Vv 098 V LDD., 0.14 Vv 024 Vv "L % o % o

The table shows results from the Shapiro-Wilk test; the symbol v' marks cases in which Hg of normality
is rejected at 0.001 level. Due to limitations in R’s shapiro.test, each result is an average from a hundred
random samples of size 5000 (from T" = 6209). The densities of all differenced metrics are roughly similar
to the shown density of the differenced amount of commits made to base.

letting AIC to choose the lag length. The results are sum-
marized in Fig. 6. While it is clear that a large p is required
to describe the differenced series (the left-hand side plot),
many metrics indicate also rather long AR(p) processes for
the squared residual terms. Evaluating the estimated AR
coefficients reinforces the visual conclusion that there are
(G)ARCH effects present in most of the time series.
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Figure 6: Coarse Volatility Effects

The fitted models are summarized in Table 4. Relatively
short GARHC(p1, ¢1) orders are required to control the pro-
cess in (10) such that no remaining effects are present. Only
a few series required higher orders than p; = g1 = 1 accord-
ing to the Engle-test. This is a familiar finding from financial
econometrics [1, 17]. Also decent ARMA(p2, g2) structures
can be located relatively effortlessly by trial-and-error. Most
of the fitted models are free of remaining autocorrelation.
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However, the seasonality patterns affect the mailing list es-
timates for which decent ARMA structures are difficult to
formulate to capture the time series characteristics of MLC,
MLH, and MLQ. If information criteria measures and par-
simonious models are used to rank the estimates, the winner
is a model for LDD.
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@
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Figure 7: Effect of Release Windows (k = 3)

Alas, the proximity of releases has no explanatory power.
The coefficients are negligible and the standard errors are
large for all but one series (see Fig. 7). The only exception
is BRR for which both a very high coefficient and a very high
standard error are present. The aggregated window is not
statistically significant (p ~ 0.35), however. Widening or
shortening the one week windows do not change the results.
The same applies to the disaggregated PRX; windows. It
is highly unlikely that the volatility effects can be explained
by the proximity of the six major FreeBSD releases (P2).



Table 4: Volatility Model Diagnostics (GARCH-ARIMA)

BRA BRC BRR MLC MLH MLQ CTB CTP CTD LDB LDP LDD
GARCH(p1, q1) (2, 1) (L (L1 1,1 (21 Ly @1y @1y 1,1 (1,1 (1,1 (0 1)
ARIMA(ps, 1, g2) (9,9) (10,10) (2,2) (2,5) (6,6) (10,10) (8,8) (8,2) (82) (3,4) (6,4) (L, 1)
Ljung-Box(1) - - - - - - - - - - - -
Ljung-Box(a) - - v v v v - - - - - -
Ljung-Box(b) - - - v v v - - - - - -
Engle(p1 + q1 + 1) - - - - - - - - - - - -
Engle(p1 + q1 + 3) - - - - - - - - - - - -
Engle(p1 + q1 + 5) - - - - - - - - - - - -
BIC 6.96 7.75 6.69 8.42 7.68 9.09 8.24 8.54 5.38 5.09 2.04 -0.85
No. insignificant 2 2 1 1 2 1 1 2 3 1 2 1
Subjective evaluation A A B C C C A A A A A A

A symbol v denotes p < 0.05 in the Ljung-Box test for no autocorrelation (Hp) and in the Engle-test for no remaining ARCH effects (Hp). In
both tests the tested lag is shown in parenthesis, given the orders shown in the first two rows. In the former test the lags a and b are defined
in [31] as a =2 X (p2 +q2) + (p2 +g2) — 1 and b = 4 X (p2 + g2) + (p2 + g2) — 1. The subsequent row shows the Bayesian information criterion
(BIC), followed by the total number of statistically insignificant parameters at 5 % level (using normal, non-robust standard errors). The final
row denotes a subjective evaluation according to a threefold criteria: decent (A), moderate (B), and bad (C). All models include the aggregated
deterministic variable from (12) with k = 3 in the variance (GARCH) model. The models are specified with the Student’s t-distribution. The

constant term is included in both the mean models and the variance models, although it is insignificant in some models.

The empirical experiment can be completed by demon-
strating the predictive potential. The following seems like a
theoretically decent example model that might be of inter-
est also to the FreeBSD developers and their bug tracking
efforts:

ABRC; = x,0 + e,
[[ﬁABRAt,l, B2ABRR:_1,

where (13)

B3ACTB,_1, BsALDB;_1, 5;,1?5@(3)} € X8

among past information about ABRC;. Since no additional
information from Z;_ is used for the (exogenous) indepen-
dent variables, the interpretation is relatively clear: the
model predicts the current daily changes in closed bug re-
ports by the past changes in arrived bug reports, the past
churn in the amount of bug report replies, and the past
changes in the development activity within the base operat-
ing system domain, controlling for the proximity of releases
with a weekly window for each release. The direction of
causality is not clear, however. For instance, also ABRA.
could appear on the left-hand side since general develop-
ment churn is likely to increase the changes in the amount
of opened bug reports. Nonetheless, in addition to forecast-
ing, a time series model such as (13) can be used to inves-
tigate the factors that affect the closure (or arrival) of bug
reports, and to evaluate whether these effects are stable and
systematic across time. Since the two metrics BRA; and
BRC; follow similar long-run trends (see Fig. 2), the general
idea for (13) could also be that the two basic bug tracking
metrics are intentionally kept synchronized.

The relatively high-order specification for ABRC; in Ta-
ble 4, p1 = ¢1 = 1 and p2 = g2 = 10, can be used to estimate
the model. When the additional series are included in the
conditional variance equation in (10), the effects are negli-
gible and statistically insignificant. The BIC is 7.72. When
the four metrics are instead used in the more conventional
conditional mean model, 81 and (B3 are significant at 5 %
level with positive signs. Also BIC reduces slightly to 7.69.
In other words, some dynamic relationships are present par-
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Figure 8: Forecasts (M;) with (13)

ticularly with respect to BRC and BRA, although the ef-
fects do not show in the variance trajectories. Regardless
whether the additional five metrics are included in the mean
model (M) or in the variance model (Mz), the sum of the
two estimated GARCH coefficients is rather close to unity,
suggesting further model calibration to guard for potential
violations regarding the stationarity assumption.
Nevertheless, the underlying forecast setup can be illus-
trated in the form of Fig. 8, which shows an example of
a two week out-of-sample (2012) forecast based on uncondi-
tional expectations. As can be seen, the unconditional mean
is predicted to remain relatively constant. As the forecast
window widens, however, the unconditional expectation for
the sigma in (4) starts to increase, indicating increasing un-
certainty. This illustrates the practical relevance of volatility
modeling: both empirical accuracy and theoretical questions
can be approached also by examining the variables and pat-
terns that influence oy, the conditional standard deviation.

4. CONCLUSION

It has been widely acknowledged that econometric volatil-
ity modeling is only a mechanical way to describe and pre-
dict the variance behavior of a time series [15, 16]. It does
not provide any explanation on why the variance charac-
teristics tend to rather neatly follow the relatively simple
time-dependence pattern elaborated in the paper.



There are some purely empirical explanations, however.
One is captured by the econometric saying that volatility
cannot be directly observed, which is used to emphasize that
aggregation and sampling frequencies hide the more nuanced
variability [16]. For instance, this paper used daily sam-
pling frequency, but direct observability would require also
assessments over the intra-day variability. Such short-run
variability has been well-recognized in the software evolu-
tion and engineering research, as demonstrated by the dif-
ferent sliding window and burst models used in the mining
of software repositories. This short-run development view-
point is a typical candidate for further time series volatil-
ity modeling. Since the empirical experiment revealed clear
daily volatility characteristics also in long-run, decade-wide
software evolution time series, it seems reasonable to recom-
mend that formal software evolution modeling should also
ascertain that the fitted models are free of volatility effects.
This can be done with the elaborated techniques.

The second conclusion relates to the dataset. Since volatil-
ity characteristics are present in the FreeBSD bug tracking
system as well as mailing lists, it seems reasonable to con-
clude that churn as a concept is not related only to code.
This is the same conclusion that has been previously investi-
gated under a label of interactive socio-technical churn [10].
Not only does code churn increase the probability of mis-
takes, but the same likely applies to increasing variability
in the technical and social software development environ-
ment. An interesting modeling context relates to the mul-
tivariate volatility models; does increasing volatility in one
development system cause time-dependent variability in an-
other system? An analogous further question relates to the
surrounding environment; increasing variability in the envi-
ronment may well translate to software development volatil-
ity. Thus, in general, perhaps a more meaningful volatility
modeling context relates to the so-called business analytics.

The third conclusion is unambiguous: volatility did not
increase in the proximity of the six major FreeBSD releases
between 1995 and 2011. Although no direct comparisons
can be made, this is a negative result with respect to the
existing general empirical interpretations about the inten-
sity near releases [7, 26]. Needless to say, further replicative
empirical research would be required to evaluate the reason
for this contrary result, or to contemplate whether the re-
sult is specific only to the FreeBSD dataset. There is also
a twofold confirmation bias present: not only was a pre-
defined set of features selected in advance, but systematic
assessments were also omitted regarding the effect of mile-
stone releases upon the conditional mean. The latter point
restates the theoretical problems in applied volatility model-
ing: it is not always clear whether different events or shocks
should be modeled in terms of the conditional mean, the
conditional variance, or possibly even both.

This negative result does not invalidate the use of volatil-
ity modeling in different release engineering scenarios, how-
ever. As the paper demonstrates, volatility affects the pre-
dictive performance of longitudinal statistical models. If
concepts such as time-to-release or time-to-market are con-
sidered, it is clear that the timings should not occur during
volatility periods as these imply increasing uncertainty. A
hectic development period is likely not the time to make
judgments about the final software products.

To summarize, volatility modeling is plausible in software
evolution research (P1), although the empirical experiment
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shows no evidence that volatility would increase in the prox-
imity of new releases (P2). The likely most challenging fur-
ther question relates to the theoretical meaning of volatility
in software evolution and engineering time series.
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