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Abstract. Tools which support Model-Driven Engineering have to be
evaluated and tested. In the domain of model differencing and model
versioning, sequences of software models (model histories), in which a
model is obtained from its immediate predecessor by some modification,
are of special interest. Unfortunately, in this application domain adequate
real test models are scarcely available and must be artificially created.
To this end, model generators were proposed in recent years. Generally,
such model generators should be configured in a way that the generated
sequences of models are as realistic as possible, i.e. they should mimic
the changes that happen in real software models. Hence, it is a neces-
sary prerequisite to analyze and to stochastically model the evolution
(changes) of real software systems at the abstraction level of models. In
this paper, we present a new approach to statistically analyze the evolu-
tion of models. Our approach uses time series as a statistical method to
capture the dynamics of the evolution. We applied this approach to sev-
eral typical projects and we successfully modeled their evolutions. The
time series models could predict the future changes of the next revisions
of the systems with good accuracies. The obtained time series models
are used to create more realistic model histories for model versioning
and model differencing tools.

1 Introduction

Tools, algorithms and methods in the context of Model Driven Engineering
(MDE) have to be evaluated and tested. In this regard test models, which are
concrete artifacts, should be used in order to test various desirable aspects such
as correctness, quality, efficiency and scalability. The problem is that real test
models are scarce and the available ones usually lack the properties which are
required by the tests. The only solution is to employ artificial test models and
to this end, test model generators have been proposed recently. To deliver a test
model, a base model (which can be an empty or a non-empty model) is usually
manipulated using a set of defined edit operations [13]. The manipulation step
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and the definition of the edit operations are done in a way that the resulting
model(s) meets the requirements of the given testing scenario.

In the domain of model differencing [9] and model versioning systems [1],
sequences of test models are of great importance and interest. By sequences, we
mean revisions r1, r2, · · · , rn of test models, where each revision is obtained from
its immediate predecessor by applying some changes in terms of edit operations.
The generated sequences should be “realistic” i.e. they should mimic the “real
evolution” that we observe in real software models, otherwise the generated test
models are of little value. By evolution, we mean the amount of changes that
happen between subsequent revisions of software models. To achieve the goal
of creating realistic sequences of test models, we need to (i) properly capture
the “evolution” at the abstraction level of design models (class diagrams) in real
software systems (ii) stochastically model the evolution (changes) and (iii) finally
reproduce the real evolution in the generated sequences.

This paper particularly addresses the steps (i) and (ii). In this regard, we have
to answer questions like: Is there time dependency in changes at the abstraction
level of design models or the amount of changes between revisions of models are
not correlated? If correlation exists, how can we mathematically model it? We
prove that there is time dependency in observed changes between design models
and the amount of change in one revision is dependent to the previous amount of
changes. We show that ARMA time series models are capable of stochastically
model such evolution. The results of this work are directly used in our test model
generator called the SiDiff Model Generator [12] for producing realistic sequences
of test models for MDE tools. Additionally, we will show that the presented time
series models can be used for the prediction of future changes in design models
of software systems with quite good accuracies.

We believe that the prediction power provides an effective method for planning
the evolution of software systems as well as for maintenance of resources; when
a large number of changes is predicted, more time and budget can be allocated
to a project and testing efforts can be adjusted accordingly. Thus, the proposed
time series models can be effectively used in this regard.

The rest of the paper is structured as follows. Section 2 presents how we
capture the evolution of design models, while Section 3 explains how the projects
that were used for our analysis were selected. Section 4 introduces the time
series methodology to stochastically model the evolution of design models in
software systems. Section 5 explains how we transform our raw data to make
them appropriate for our time series analysis. We also discuss the detail of our
analysis there and we show that ARMA models are quite successful to capture
the evolution as well as to predict the future changes in design models of software
systems. Threats to the validity of our work are discussed in Section 6 and related
work is reviewed in Section 7. The conclusion and the summary of our work is
provided in Section 8.
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2 Usage of Design Models to Capture the Evolution of
Java Systems

State-of-the-art approaches to understand the evolution of software systems are
based on software metrics and similar static attributes. For example, research
which is focused on the growth behavior of software systems is often based on
software metrics reflecting the size of a system, e.g. SLOC (Source Lines of
Code). In such cases the extent of the changes between revisions (or versions,
depending on the granularity of the research) of a software system is expressed
as a difference between values of metrics (e.g. see [19]). All further analyses are
based on these differences. Unfortunately, such approaches reflect the dynamics
of changes in a software system neither completely nor correctly. For instance, if
we use the static metric Number of Classes (NOC) of a software system and if
we observe an increase of 2 of this metric between two subsequent revisions, the
actual amount of change might be much larger e.g. 4 existing classes were deleted,
6 new classes were added and 3 classes were moved to other packages. Thus,
differences between values of metrics often underestimate the actual amount of
change.

This error can be avoided by computing a precise specification of all changes
between two revisions, i.e. a difference, and by computing metrics of this differ-
ence [23]. In our above example we would use the difference metricsNOC-Deleted,
NOC-Added and NOC-Moved in which we get 13=(4+6+3) changes in total
rather than an increase by 2 of the NOC metric. In other words, to fully under-
stand the evolution of a system in detail, one has to count the occurrences of
edit operations that have been applied between subsequent revisions.

To successfully implement the above approach, the differences should be ap-
propriately derived. Obviously, textual differences consisting of insertions and
deletions of lines of source code will not be a basis for computing meaningful
difference metrics and we have to consider the semantic of the system into ac-
count. Thus, we reverse-engineered a set of carefully selected open-source Java
systems into their design models.

The meta model which represents this design level information is similar to
the class diagrams. The core of the meta model is depicted in Fig. 1. A revision
is represented by the root element of type Project. Each project can contain
several Packages. Packages can contain other packages, Classes and Interfaces.
Both interfaces and classes, can contain Methods and Constants, while a class
can furthermore contain Fields. Finally, methods can contain Parameters. For
the sake of more readability, seven element types were omitted from Fig. 1. These
elements represent specific constructs used by the Java language. The detailed
description of the full meta model is presented in [16].

Having design models at hand, we can compare them using a model differenc-
ing tool. A survey of the existing approaches and tools for the problem of model
comparison and difference derivation is given in [9]. Many model comparison
approaches rely on persistent identifiers to trace model elements in subsequent
revisions. However, reverse engineered models do not have persistent identifiers,
and there are no other known information about the applied edit operations.
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Fig. 1. (Simplified) Meta Model for Design Models of Java Source Code

Thus, we used a similarity-based model comparison engine known as the SiDiff
model differencing framework [7] to compute differences. This generic match-
ing engine was carefully adapted to handle our design models. The matching
engine basically produces a set of correspondences between elements, which is
called a matching. Model elements not reported in the matching are considered
to be created or deleted between the compared revisions. SiDiff defines five dif-
ferent kinds of edit operations (changes) that might have been applied between
two subsequent revisions of ri and ri+1: Additions: An element is inserted in
ri+1. Deletions: An element is removed from ri. Moves: An element is moved
to a different position, i.e. the parent element is changed in ri+1. Attribute
Changes: An element is updated in ri+1, e.g. the name or visibility of a class
is changed. Reference Changes: A reference of an element is changed, e.g. a
method has a different return type in ri+1.

For each element type ET (see Fig. 1) in our design model and for each edit
operation OP defined as above, the corresponding difference metric, DM ,
is the count of occurrences of OP on all model elements of the type ET . The
difference metrics represent the structural changes between two models. Since our
model representation consists of 15 element types (ET s) and we distinguish 5 edit
operations (OP s), a total of 75=(15*5) different difference metrics (DMs) were
counted. Thus, between two revisions of design models, the changes are reflected
in terms of 75 difference metrics. For design models of a software system, we
compute the total number of changes between each two subsequent revisions, as
the sum of all difference metrics between them. In this way we obtain a sequence
of total numbers of changes. Such sequences are our data sets and our future
statistical analyses of evolution will be based on them.

3 Sample Project Selection

For comprehension of evolution of software models and for generalizing the re-
sults of our statistical analysis, it is required that we appropriately select our
sample space. Therefore, we defined three properties for selection of a project:
(P1) The project must be an open-source Java system which is actively used by
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end users. (P2) The project must be or have been actively developed over a long
enough period of time. (P3) For each revision, its design model representation
must consist of at least 100 elements, preferably more. These requirements ex-
clude small and trivial projects. We found out that the Helix Software Evolution
Data Set (HDS) [20] has 55 projects which meet our requirements.

Eight projects were randomly selected from the HDS. All revisions of each
project were checked out from the respective repositories. Then, a parser was
used to generate the design model representation of each revision according to
the meta model in Fig. 1. If the design models of two consecutive revisions were
equal, the second model was ignored. Such cases occurred if only documentation
was changed or if the changes affected only the code within a method; i.e. parts of
the system which are not represented in the design models. In total 3809 different
design models were created. Columns 1-3 of Table 1 contain basic information
about the selected projects, respectively the name of the project, mean of the
number of elements in models and the number of observations (revisions).

4 Time Series

In this section we provide the theoretical background which is required by our
time series analysis. Time Series (TS) are sequential measurements or observa-
tions of a phenomenon of interest through time [3]. The time dependency of the
data gives time series a natural ordering which is used to study them. Having N
successive observations at times t1, . . . , tN , the TS is denoted by x = xt1 , . . . , xtN .

In order to extract useful information and statistics out of the data and to
discover its underlying dynamics, TS methods are employed. These methods
are also used in order to forecast the future of the system. In TS methods,
it is usually assumed that the data obey some underlying parametric stochastic
processes (i.e. a sequence of random variables) and the parameters are estimated
in order to describe the dynamics of the system. Principally it is assumed that
an observed time series of x1, x2, . . . , xN is a sample realization from an infinite
population of such time series that could have been generated by such stochastic
process {X1, X2, . . . , Xk, . . .} [3]1.

In the study of TS, it is generally assumed that the underlying stochastic
process is weakly stationary. Roughly speaking, a process is weakly stationary
when there is no change in the trend of the data and also there is no change in the
variance of the data through time, i.e. in the TS plot, the data are fluctuating
around a fixed level with constant variation. Formally, a stochastic process is
Weakly Stationary when it is mean and covariance stationary [4]. The variance
stationary property is resulted from the covariance stationary as its special case.

There are some methods for transforming non-stationary processes to station-
ary ones in order to stabilize mean and variance, e.g. trend elimination methods,
differencing, seasonal differencing, logarithm and power transformations, etc.

1 When the underlying stochastic process is identified, this property is used by our
test model generator [12] in order to create many number of model histories all with
the same stochastic behavior.
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4.1 ARMA Models

Autoregressive Moving Average models (ARMA) have been successfully used to
analyze and stochastically model weakly stationary TS [3]. There, the behavior
of the system is assumed to be dependent on: (i) previous observations and
(ii) random disturbances in the past. Let {xt} be a weakly stationary TS with
mean of μ and let x̃t = xt −μ. Using ARMA(p, q), with p degree of dependency
to the past observations and q degree of dependency to the past disturbances,
the current state of the model, i.e. x̃t, is defined by:

x̃t =

p∑

i=1

φi x̃t−i + at +

q∑

i=1

θi at−i (1)

where x̃t−i; i = 1, . . . , p are the past observations, at−i; i = 1, . . . , q are the past
disturbances and at is the current disturbance. {at} is a White Noise process
i.e. a weakly stationary process with mean 0 and constant variance σ2

a and no
correlation [4]; additionally when {at} is normally distributed it is called Gaus-
sian White Noise. By definition, we have φp �= 0 and θq �= 0. Equation (1) has
p+ q+ 2 unknowns that should be estimated from data: φi’s, θi’s, μ and σ2

a [3].

4.2 Methodology for Time Series Modeling

The methodology for TS modeling can be described by the following steps [11]:

Phase I - Model Identification

M1) Data Preparation: In this step, the original data should be investigated for
adequacy of use in TS analysis. Data should be transformed into weakly
stationary, by possibly removing trend for mean stabilization and also pos-
sibly some transformation for stabilizing the variance.

M2) Model Selection: The degrees of the ARMA(p, q), i.e. p and q, should be
estimated by investigating the Autocorrelation (ACF) and the Partial Au-
tocorrelation (PACF) functions of the transformed data. In this step some
candidates for p and q are suggested by examining the plots of the functions.

Let SAR and SMA be the sets of values suggested for p and q respectively.
The set of candidate models are created as [11]:

M = {ARMA(p, q) | (p, q) ∈ SAR × SMA − {(0, 0)}}.
A more accurate approach is considering SAR = {0, . . . , pmax} and SMA =
{0, . . . , qmax}. Values of pmax and qmax can be specified by the user or can
be estimated using the ACF and the PACF.

Phase 2 - Model Estimation and Testing

M3) Estimation: Getting M as the set of candidate models, p+q+2 parameters
for each model should be estimated (Sec. 4.1) e.g. by using the Maximum
Likelihood Estimation (MLE) method [3].
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M4) Diagnostics: The residuals of candidate models should be examined to de-
cide if they are appropriate candidates or not. Ideal residuals are Gaussian
white noise with almost no correlation [4] (Sec. 4.1).

Anderson-Darling Test can be used to check the normality of residuals.
The ACF and the PACF of the residuals as well as Ljung-Box Test are
used to test, if there are correlation between the residuals or not [18].

If a model is adequate in this respect, it will remain in M . If M = {} we
can go to Step M2 and try to find new candidates or stop and concluding
that there is no TS model capable of describing the dynamics of the data.

M5) Best Model Selection: If there is more than one candidate inM , we will have
some suitable models to describe the dynamics of the data. The superior
model in M is the one with lower Akaike Information Criterion (AIC).
AIC rewards the goodness of fit and accuracy and penalize the overfitting
or complexity of models [18,3].

Phase 3 - Applications
M6) Forecasting and Simulation: The best model can be used to predict the

future of the system or it can be used to simulate the dynamics of the system
and produce infinite similar time series all obeying the same characteristics.
More information about forecasting and their calculation as well as their
errors rates and bands can be found in [3,4].

4.3 Accuracy of Forecasts

Due to high volatility in our observations (see e.g. Fig. 2 in Sec. 5), the relative
error is not suitable for assessing the accuracy of our TS forecasts. The same
problem is also reported in [26] when predicting highly volatile Internet traffic.
A remedy similar to ours is proposed there as well. In this section we describe
the appropriate way of assessing the forecasts’ accuracy.

Let x be an observation and x̂ be the forecast of x. The relative error, in
percent, is defined by δx = |x− x̂|/|x|×100 where x �= 0. To clarify the problem,
now suppose that x = 1, x̂ = 2 and y = 100, ŷ = 101 then δx = 100% and
δy = 1% although for both the absolute error is 1. Therefore, in our case, the

Mean Relative Error (MRE) [11] which is defined as MRE = 1
N

∑N
i=1 δxi is not

a good interpretation for error rates of forecasts.
To solve this, Normalized Relative Error (NRE) is defined. Suppose that X

is the set of possible outcomes for x and x is approximated by x̂, then the NRE,
in percent, is defined as:

ηx =
|x− x̂|

max (X)−min (X)
× 100 (2)

Similarly, let X be the set of all possible outcomes for observations x1, . . . , xN

and xi is approximated by x̂i. The Normalized Mean Squared Error (NMSE) is
defined by [10]:

NMSE =
1

N

N∑

i=1

(xi − x̂i)
2

(max (X)−min (X))2
(3)

Equations (2),(3) are used to assess the quality of TS forecasts in Sec. 5.
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5 Time Series Models of Changes

As discussed in Sec. 2, we distinguish 5 types of changes, namely additions, dele-
tions, moves, reference changes and updates, for all 15 different model element
types. In each difference between two revisions of a software system, the total
number of changes reflects the extent of evolution of the system.

We use the sequence of the total numbers of changes in each revision as the
basis of our analysis. Although in the theory of TS analysis, the steps M4 and
M5 in Sec. 4.2, i.e. the “diagnostics” and the “best model selection”, are enough
to use a TS model in practice, we additionally demonstrate the validity of our
approach and prove the goodness of the proposed TS models, by partitioning
our measured data, {x1, . . . , xN}, into two disjoint subsets. The first set, called
the “base-set”, consists of the observations of x1 up to xN−3. The second one,
which is called the “hold-out set”, consists of the last three observations. We try
to estimate our TS models on the base-set. The fitness of the proposed models is
then checked by comparing their three step forecasts with the actual observations
in the hold-out set. The more the predictions and the actual observations are
close together, the better the model is for simulation and forecasting.

For our analyses, we used the Wolfram Mathematica R© 9.0.1 computational
engine and in what follows, we will take the ASM project as the exemplary
project for describing the details of our approach. In total, we had 259 observa-
tions for the ASM project. The base-set of this project consists of the first 256
observations, the hold-out set contains the observations 257, 258 and 259.

Figure 2 shows the total number of changes for ASM, observed in its base-set.
The data show high degree of volatility and both big and small changes are
observable. For the sake of comprehension in Fig. 2, we limited the top of the
y-axis to 130, but we do have many bigger changes which are not visible there e.g.
the two biggest peaks with 1973 and 956 changes, respectively at 75th and 189th
observations. Additionally, we observe time periods in which more changes occur
in comparison to other time periods. Such a behavior is a significant obstacle
for applying some simpler statistical methods such as regression analysis. Since
the variance of the data is not stable and the process is not stationary, ARMA
models can not be applied and we first have to make the data weakly stationary
by suitable transformations (Step M1 in Sec. 4.2).

We used the Box-Cox Transformation (BCT) for stabilizing the variance2 of
the data [22,14]. BCT has a transformation parameter (λ) which is obtained by
maximizing the logarithm of the likelihood function of the data. For stabilizing
the mean of data and for removing its trend, differencing can be used in which
instead of the original series, {xi}, the series {xi − xi−1} is used (Sec. 4).

All of our sample projects were successfully transformed into weakly sta-
tionary by subsequently applying the following three transformations: (T1) A
Box-Cox transformation using the optimum λ 3. (T2) A Difference transforma-
tion of degree “one”. (T3) The series mean of the previous step is subtracted.

2 Alternative, but in our work less suitable methods is the logarithmic transformation.
3 For each project, the optimum value of λ is given in the website of the paper at [16].
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Fig. 2. ASM project - Total number of
changes in the hold-out set. For better
comprehension, the y-axis is limited to
130 and bigger values are not visible.

Fig. 3. ASM project - Fully transformed
series using T1 to T3 transformations

In our exemplary project, Fig. 3 shows the transformed series after application
of the three transformations. Apparently, the variance is more stable and the
data are fluctuating around the mean of zero. Thus, the transformed series is
stationary and meets the requirements of the ARMA process.

As mentioned earlier in Sec. 4.2 (Step M2), investigating the ACF and the
PACF of a TS suggests some possible degrees for p and q in ARMA(p, q). But
here, in order to prove the applicability of our approach we deliberately used the
more accurate way and we chose pmax = qmax = 9. The choice of the value 9 is
due to the fact that for all projects, there is no significant correlation after the
9th lag in their ACFs and PACFs. Thus, SAR = SMA = {0, . . . , 9} and the set
of our candidate model, M , consists of 99 ARMA models.

For all 99 ARMA models considered for each project, first their parameters
were estimated using the MLE method and later their residuals were calculated4.
If the residuals of a model is Gaussian white noise with almost no correlation, it
stays in the candidate set M (Step M4 in Sec. 4.2). For normality of the residuals
we used the Anderson-Darling test with the significance level of 0.01.

At first, we disregarded the models with non-normal residuals. Then we dis-
carded the models with significant correlations in residuals. We used the ACF
and the PACF considering the first 40 lags and the 0.95 confidence band. In the
end we came up with 10 possible candidate models5 for the ASM project.

To select the best model out of our candidate set, we additionally used the
Ljung-Box test. The test is designed to check if the residuals are correlated or
not. H0 states that data are independently distributed i.e. there is no correlation
between them and H1 declares that they are not independently distributed. The
number of lags which should be examined affects the power performance of the
test. The minimum number of lags is usually approximated by ln(N) where N

4 For each project, the website of the paper [16] contains estimated parameters of all
ARMA models, their residual and error bands.

5 ARMA(1,4), ARMA(2,1), ARMA(2,3), ARMA(2,4), ARMA(3,2), ARMA(3,5),
ARMA(3,7), ARMA(6,1), ARMA(6,2) and ARMA(6,4).
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is the length of observations [18]6. For each model, we therefore considered the
first 40 lags and calculated the p-value of the test for each of the lags. We then
counted the number of lags with p-value less than our significance level of 0.05,
i.e. those for which the null hypothesis is rejected.

ARMA(3,5) and ARMA(6,4) had 4 and 9 lags with p-values less than our
significance level respectively, so they were less competent and both were no
longer considered. Other candidate models are equally good in this respect since
none of their lags has a p-value less than our significance level. For the rest of
8 candidates, we checked their AICs and the model with smallest AIC was our
final best model (Sec. 4.2, Step M5). We therefore selected ARMA(2,3)7 as our
best model for the ASM project.

In order to additionally prove the usability of our best model, we tried to
compare the actual observations in the hold-out set with the three step forecasts
of the model. The forecasts can be transformed back to their original form by
reversing the order of three steps transformations (T1 to T3) and employing the
inverse of the Box-Cox transformation. This respectively results in 5.96, 5.56
and 5.17 as forecasts of the hold-out set of the ASM project.

Since our aim is to forecast “changes” and we assume that there should be
some changes to predict, we can round up our real valued forecasts to integers
using the ceiling function i.e. �x�. Thus, we have 6, 6 and 6 as our final forecasts
which is quite close to real observations of 5, 4 and 1 (see Table 1 for the NREs).
Therefore, the suitability of our ARMA(2,3) model for capturing the dynamics of
design model evolution of the ASM project is approved (see Step M5 in Sec. 4.2).

Generally it is shown that the errors are accumulated for k-step forecasts of
ARMA models lose their prediction power as well as their accuracy quickly for
farther predictions [3]. Table 1 shows the best chosen model for each project
with their three step forecasts as well as the actual number of changes observed
in their hold-out sets. The last column of the table (#LB Lags) contains the
number lags out of 40 considered lags8, for which their p-value of the Ljung-Box
are less than our significance level.

In Table 1, the error rates of forecasts, i.e. NRE and NMSE, are given. They
are calculated based on (2) and (3) in which they require the true max of observed
changes for each project. For each of NRE and NMSE, first we calculated the
errors based on the true max of observed changes as suggested by the formulas.
Additionally since very big changes are not very frequent, we tried to be more
conservative and used the 0.98-quantile (Q98) of observations instead of the
true max in (2) and (3). The reason for choosing Q98 is the fact that it can
properly disregard, for all projects, the less frequent big changes. Alternatively,
one can exclude big changes using clustering techniques and calculate the max
on the rest. Therefore, in Table 1 we report two sets of error rates for NRE
and NMSE. The first sub-row shows the error rates calculated based on the true

6 For the CheckStyle project which has the most number of observations, we have
N = 1010 and ln(N) ≈ 6.918.

7 Parameters: φ1 = 0.8207, φ2 = −0.6621 & θ1 = 1.7559, θ2 = 1.3910, θ3 = −0.5903.
8 For DataVision, we had 28 observations. So instead of 40 lags, we considered 28.
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max of observations and the second sub-row delivers the results of our more
conservative approach using Q98. For example in the ASM project, using true
max, NRE and NMSE are 0.05%, 0.10%, 0.25% and 2.5715× 10−6 respectively.
When we use Q98 we get 0.37%, 0.74%, 1.84% and 1.3616× 10−4. Error rates in
either of two approaches are quite good typically below 3%.

Generally the error rates of forecasts for the hold-out sets are quite small
which proves the appropriateness of our approach in order to capture the true
dynamics of design model evolution. The only exception is the Struts project in
which its last prediction is not very good. This has two reasons: first, it is the
third and the farthest forecast which is the least accurate and second, 9 lags out
of 40 did not pass the Ljung-Box test and the residuals are little twisted from
the ideal Gaussian white noise (Sec. 4.2, Step M4). These two factors degrade
the prediction power of the proposed model for its farthest forecast.

Table 1. All projects - Forecasts vs observations

Project
Mean
#Elem #Obs.

Max
of
Obs.

Q98
of
Obs.

(p,q) of
Best
ARMA

Obs./
Pred.

NRE:
Max/Q98

NMSE:
Max/Q98 AIC

#LB
Lags

ASM 3635 259 1973 272 (2,3)
5, 4, 1 0.05%, 0.10%, 0.25% 2.571× 10−6

−0.304 0
6, 6, 6 0.37%, 0.74%, 1.84% 1.362× 10−4

CheckStyle 3181 1010 1366 99 (9,5)
9, 9, 16 0.22%, 0.29%, 0.073% 4.651× 10−6

−0.307 0
12, 5, 15 3.06%, 4.08%, 1.02% 9.024× 10−4

DataVision 5520 28 105 105 (2,1)
2, 3, 1 0.96%, 0.96%, 7.7% 2.034× 10−3

−0.691 0
3, 4, 9 0.96%, 0.96%, 7.7% 2.034× 10−3

FreeMarker 6895 339 851 189 (4,7)
2, 2, 2 0.23%, 0.0%, 0.0% 1.845× 10−6

0.130 0
4, 2, 2 1.06%, 0.0%, 0.0% 3.772× 10−5

Jameleon 3139 285 1107 85 (7,5)
12, 1, 5 0.54%, 1.99%, 1.36% 2.030× 10−4

0.531 0
18, 23, 20 7.14%, 26.19%, 17.86% 3.519× 10−2

JFreeChart 21583 366 599 244 (9,0)
4, 2, 32 0.50%, 1.34%, 3.51% 4.791× 10−4

−0.094 0
7, 10, 11 1.23%, 3.29%, 8.64% 2.901× 10−3

Maven 3786 781 2735 346 (8,8)
1, 10, 1 0.0%, 0.15%, 0.0% 7.135× 10−7

−0.203 0
1, 6, 1 0.0%, 1.16%, 0.0% 4.481× 10−5

Struts 4323 737 715 188 (8,9)
39, 5, 10 3.22%, 0.14%, 30.11% 3.057× 10−2

−0.134 9
16, 6, 225 12.30%, 0.53%, 114.97% 4.457× 10−1

Due to space limitation, we have put the detailed material of our analysis on
the accompanied website of our paper [16]. Estimated parameters for all of the
99 models of each project, residuals of each model, error rates, confidence bands
and error bands of the models are all available there.

6 Evaluation and Threat to Validity

In this section we discuss the evaluation of our work and the threats to validity
to this research.

Evaluation: The evaluation of our work boils down to the appropriateness of
our approach in order to successfully capture the evolution of design models.
From the TS theory perspective, correctly performing steps M1 to M5 proves
the appropriateness of a TS model to capture the dynamics of the data. In order
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to additionally prove the usability of the proposed TS models, as we discussed in
Sec. 5, we divided our observations into the base and the hold-out sets. The us-
ability of the TS models then additionally approved by comparing their forecasts
with the hold-out sets. The forecast error rates were quite small (see Table 1)
which approves the use of the proposed TS models in practice.

For the run-time evaluation, one might argue that estimating 99 ARMA mod-
els is time-expensive. As we mentioned in Sec. 4.2, the order of promising models
can be estimated by investigating the ACF and PACF of the data. This will sig-
nificantly reduce the number of possible candidate models to just a few. In this
paper, we deliberately used 99 ARMA models to generally prove our proposed
approach, but in practice much fewer models have to be investigated.

Threat to Validity: The first threat to validity is the accuracy in capturing the
evolution of design models. As discussed in Sec. 2, difference metrics have ad-
vantages compared to static software metrics. Therefore, the evolution of design
models is more accurately described by difference metrics rather than variation
in values of static metrics.

The second threat is the accuracy of the calculation of difference metrics. Due
to the heuristic nature of the model comparison algorithms, there is no guarantee
that the established correspondences between elements are always correct. Error
rates for class diagrams were calculated for the SiDiff algorithm which is used
in this research [23]. These error rates were generally less than 2%. Because the
model type used to represent our design models is similar to a class diagram, we
expect similar error rates in our correspondence calculation. They do not have
any significant effect on our results and the findings are not distorted.

The third threat is the selection of hold-out sets of length “3”. As we men-
tioned earlier, our primary focus was to suitably capture the evolution dynamics
of design models. We used the prediction power as an extra evaluation (see
Sec. 4.2) for the suitability of our TS models. Therefore, to this end, a hold-out
set with the length of 3 is sufficient. Additionally, it is known that for ARMA
models the errors are accumulated for k-step forecasts [3] and the models quickly
loose their prediction power and their accuracy. In the case that we have periodic
or seasonal effect, the predictions are usually considered with a length equal to
k times (usually k=1,2) of the length of the period. Since our data does not have
any periodic effect, again, hold-out sets with length of 3 are justifiable.

The fourth threat is the external validity, i.e. how our results can be general-
ized. Our sample set of open source Java projects are quite diverse with respect
to application domains, number of revisions, number of elements etc. The pro-
cess described in this paper is independent of a specific programming language,
though. It can be easily applied and used to analyze the evolution of projects
which are coded in a different programming language. The only two constraints
are: 1) a suitable design model representation for the respective language exists
and 2) there is a model differencing tool capable of comparing these models.
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It is not clear if comparable results will be observed considering closed
source systems, especially where specific programming discipline is practiced.
Hence, closed source systems as well as other object-oriented programming
languages such as C++ can be the subjects of further research.

7 Related Work

In our previous work [17], we studied how observed frequencies of edit operations
can be statistically modeled by statistical distributions. We showed that the
Waring and the Beta-Negative Binomial distributions were able to statistically
model the frequencies. In that work, we did not considered the “evolution” in
real model histories and no time series analysis were considered either.

The following papers used time series analysis to answer research questions in
the context of software maintenance and evolution. None of these paper addresses
the topic of this paper, i.e. how (design) models of software systems evolve over
a long period of time.

Fuentetaja et al. [5] applied time series analysis on growth data of released
versions of software systems. They were able to validate the third and eighth
law of software evolution, i.e. Self Regulation and Feedback Systems. Caution is
advised when considering the presented results though, because for most systems
less than 30 releases were considered, the base data is therefore limited.

Herraiz et al. [6] used time series to analyze the growth of open source software
system based on simple size metrics. They concluded that time series analysis
is the best method to forecast the evolution of software projects. Their findings
showed that design decisions and changes in the history of a project have more
influence on its future development than external events.

Kenmei et al. [8] analyzed the connection between change request in large-scale
open source software and lines of code to identify trends in the change patterns
of large software systems. Based on the trends they were able to predict the need
for the number of developers for the next 2 to 6 weeks.

Antoniol et al. [2] presented a time series based method for monitoring and
predicting the evolution of clones in a software systems. At first clones were
detected within a system based on software metrics, then the identified clones
were modeled as time series in a second step. They were able to predict the
number of clones in the next release very accurately with this method.

Wu et al. [24] used ARIMA time series models to predict the number of bugs
in large software systems on a monthly basis. The results of their prediction
were acceptable. Furthermore they could show in their data, that software bug
number series are to a certain extent dependent on seasonal and cyclical factors.

Raja et al. [15] used time series approach to predict defects in software evolu-
tion. They used monthly defect reports for eight open source projects and built
up time series models to predict and analyze software defects.

The following papers address research questions in the area of system evolu-
tion which are similar to the one addressed in this paper. However, these works
did not use time series or any other advanced mathematical concepts.
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Vasa et al. [21] studied the evolution of classes and interfaces in open-source
Java software. They analyzed the evolution based on static metrics of released
versions of the systems. Their findings suggests that the average metric values are
almost stable over histories, i.e. the average size of classes does not change much
between released versions. This work also analyzes which types of classes change
more than average and concludes that large, complex classes change more. This
work does not use time series and makes no attempt to model time-dependency.
In [19] Vasa presented an extended and more detailed version of his research.

Xing et al. [25] count the occurrences of language specific edit operations and
categorize change levels according to 5 specific profiles, i.e. intense evolution,
rapidly developing, restructuring, slowly developing and steady-state. To identify
the edit operations they use a model differencing tool known as UMLDiff. Their
findings suggest that different change categories are related to different phases of
the software development process. Their findings are consistent with ours in that
phases of low development activity alternate with phases with high development
activity (see Fig. 2). Time series analysis was not used in their research.

8 Summary and Conclusion

In this paper we presented a new approach to statistically analyze the time-
dependency of changes in design models of open source Java software systems.
This allows us to precisely describe the past evolution of a system as well as to
forecast the amount of changes which is to be expected in the next revisions. We
applied this approach to several software systems. The evaluation showed that
our models could very accurately predict the actual amount of changes in the last
3 revisions of each system; usually with error rates as low as 3% and less. This
information can be used to control the time and budget allocated for a project
in the near future or to plan regression testing activities. In our own work, we
use these stochastic models to configure a test model generator which generates
realistic histories of models; these histories are used to test and evaluate various
tools which support model driven development.
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