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Abstract Background: Model-based performance evaluation methods for software architectures can help architects to assess design alternatives and save costs for late life-cycle
performance fixes. A recent trend is component-based performance modelling, which aims
at creating reusable performance models; a number of such methods have been proposed
during the last decade. Their accuracy and the needed effort for modelling are heavily influenced by human factors, which are so far hardly understood empirically.
Objective: Do component-based methods allow to make performance predictions with a
comparable accuracy while saving effort in a reuse scenario? We examined three monolithic
methods (SPE, umlPSI, Capacity Planning (CP)) and one component-based performance
evaluation method (PCM) with regard to their accuracy and effort from the viewpoint of
method users.
Methods: We conducted a series of three experiments (with different levels of control)
involving 47 computer science students. In the first experiment, we compared the applicability of the monolithic methods in order to choose one of them for comparison. In the second
experiment, we compared the accuracy and effort of this monolithic and the componentbased method for the model creation case. In the third, we studied the effort reduction from
reusing component-based models. Data were collected based on the resulting artefacts, questionnaires and screen recording. They were analysed using hypothesis testing, linear models,
and analysis of variance.
Results: For the monolithic methods, we found that using SPE and CP resulted in accurate predictions, while umlPSI produced over-estimates. Comparing the component-based
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method PCM with SPE, we found that creating reusable models using PCM takes more (but
not drastically more) time than using SPE and that participants can create accurate models
with both techniques. Finally, we found that reusing PCM models can save time, because
effort to reuse can be explained by a model that is independent of the inner complexity of a
component.
Limitations: The tasks performed in our experiments reflect only a subset of the actual
activities when applying model-based performance evaluation methods in a software development process.
Conclusions: Our results indicate that sufficient prediction accuracy can be achieved
with both monolithic and component-based methods, and that the higher effort for componentbased performance modelling will indeed pay off when the component models incorporate
and hide a sufficient amount of complexity.
Keywords Empirical Study · Software Architecture · Performance Evaluation · Performance Modelling · Performance Prediction

1 Introduction
1.1 Problem Statement
Quantitative software architecture evaluation methods aim at supporting the design decisions of software architects. Architectural performance evaluation methods (Balsamo et al.,
2004a) rely on formal models, such as queueing networks or stochastic Petri-Nets, derived from software architecture models (described with, e.g., Architecture Description Languages (ADLs) (Medvidovic and Taylor, 1997)). Software architects can predict performance metrics, such as response time, throughput, and resource utilizations, and assess
different design alternatives. Shifting the performance evaluation task to the architectural
level and assessing performance during design counters the ”fix-it-later” attitude (Smith
and Williams, 2002) towards the performance of software systems and avoids architecturerelated performance problems, which are expensive to fix after a system is implemented.
Most of these architectural performance evaluation methods model the system as a whole
within a single development process. We therefore call these methods “monolithic methods”.
A recent trend in the area of architectural performance evaluation methods is componentbased performance evaluation, which divides the modelling task among component developer and software architects and create models that can be reused together with the implemented components. The claimed advantage over monolithic methods is to save the effort
of creating performance models from scratch each time a component is used.
Human factors influence the successful application of architectural performance evaluation methods to a large extent. Most of the methods rely on developer estimations of resource
demands of software components (e.g. how many seconds of CPU are required for an operation) and the anticipated workload of the system. The estimations affect the prediction
accuracy to a great extent. Furthermore, developers need to create the performance models
in the formalism of the performance evaluation method. Software architects need to deal
with understanding the methods, using the often complicated tools, and interpreting their
results.
While researchers have proposed many methods in this area, there are almost no empirical studies systematically investigating the achievable accuracy and needed effort of these
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methods. Published case studies are often carried out by the method authors themselves,
thus not allowing conclusions for third-party applicability. Additionally, it is still unknown
whether the component-based methods can deliver the same prediction accuracy as classical, monolithic methods and whether the potential additional effort when creating reusable
models can pay off when reusing these models.

1.2 Research Objective
The question driving our empirical investigation was: Do component-based methods allow
to make predictions with accuracy comparable to monolithic methods while saving effort
in a reuse scenario? Formulated in the goal definition template of (Wohlin et al., 2000), the
goal of our work was to
Object
Purpose
Quality focus
Perspective
Context

Analyse monolithic performance evaluation methods and a
component-based performance evaluation method
For the purpose of evaluating their applicability in reuse scenarios and creation scenarios
With respect to achieved accuracy and required effort
From the point of view of the method user
In context of performance prediction early in the componentbased software development process for business information
systems in a graduate university course.

We ran a series of three experiments involving 47 computer science students over the
course of three years. In the first experiment, we investigated the accuracy of different
monolithic model-based performance evaluation methods (Software Performance Engineering (SPE) (Smith and Williams, 2002), UML Performance Simulator (umlPSI) (Marzolla,
2004), and Capacity Planning (CP) (Menascé et al., 2004)). Based on the results, we selected one of the monolithic methods, SPE, and compared it to a component-based method,
Palladio Component Model (PCM) (Becker et al., 2009), investigating accuracy and effort.
Finally, we assessed the effort for reusing the component-based performance models of
PCM in a third experiment.

1.3 Context
The experiments were conducted in a university environment with student participants at
Masters level. The analysed systems were simplified versions of realistic component-based
business information systems in that they provided only part of the functionality a corresponding realistic system would need to provide (e.g. limited exception handling, no session
management). We studied the performance evaluation step embedded in the componentbased software development process. The task descriptions were specifically designed to
reflect the information and artefacts available at this step of the software development process. The participants assumed the role of performance analysts and evaluated the given
design for performance (i.e. response time of use cases for a given workload). We asked
them typical performance questions for this step, such as to evaluate the performance effect
of different design decisions. They solved the tasks in a series of supervised experiment
sessions with time constraints.
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1.4 Contribution and Outline
Three former publications (Koziolek and Firus, 2005; Martens et al., 2008b; Martens et al.,
2008a) have reported on the design and results of the first two experiments. The contributions of this paper are (i) the addition of a third experiment to analyse the effort for model
reuse and (ii) the analysis of the results of all experiments from a holistic viewpoint. We
have partially re-evaluated the data of the former experiments and documented the results
in a consolidated form. Our results indicate that a sufficient prediction accuracy can be
achieved both with most monolithic methods and the component-based method. The effort
for creating parametrised, reusable models from scratch is in average almost 75% higher
than for monolithic models, but the effort can pay off as the reuse of the models induces
only limited efforts.
The remainder of this paper is organised based on the reporting guidelines in (Jedlitschka et al., 2008). Section 2 provides background on performance evaluation methods for
software architectures, about empirical validation of performance evaluation methods, and
presents related studies. Section 3 describes the overall planning of our series of experiments
and explains their commonalities. The next three sections describe the experiment-specific
planning, analysis and results of the three experiment in the series: Section 4 covers the comparison of accuracy and effort for the three monolithic methods SPE, umlPSI, and Capacity
Planning, Section 5 covers the comparison of accuracy and effort for the monolithic method
SPE vs. the component-based method PCM, and Section 6 covers the analysis of effort for
reuse vs. model creation for the component-based method PCM. Section 7 then discusses
the results from a holistic perspective, names threats to validity, and outlines future research
directions. Section 8 concludes the paper.

2 Background
In this section, we first describe the background of model-driven performance evaluation
methods of software architectures: In Section 2.1, we present the model-based performance
evaluation methods that target to model the system as a whole (thus, we call them monolithic
methods). In Section 2.2, we describe the newer field of component-based performance
evaluation methods.
In Section 2.3, we set the context for the empirical validation of performance evaluation methods in general. We identify different types of validation and classify the studies
presented in this work. Finally, in Section 2.4, we present and discuss the few existing empirical studies in the field of model-driven performance evaluation methods.

2.1 Monolithic Methods
More than 20 model-based performance evaluation methods have been surveyed by Balsamo
et al. (Balsamo et al., 2004a). The goal of these methods is to quantitatively support software
architects in selecting among different design alternatives. Because of the uncertainty about
the system during design, these methods often involve estimations. Thus, these methods often cannot predict the absolute performance metrics, such as response time, throughput, and
resource utilization with a high accuracy compared to measurements. Instead, their accuracy
is often sufficient to evaluate the relative differences between different design alternatives,
as the errors made during modelling apply for all modelled design alternatives.
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Most of the methods follow a similar, coarse process models as depicted in Fig. 1. First,
the software architect has to create a software model annotated with performance properties,
such as resource demands of software components and the anticipated user workload. The
modelling task can start from existing architectural models, which can then be enhanced
with performance-related information. Different notations, such as annotated ADLs or use
case maps have been proposed for this purpose (Balsamo et al., 2004a). Recently, a UML
performance modelling profile called MARTE (Object Management Group (OMG), 2006)
has been standardized by the OMG to capture the performance related information in stereotypes and annotations. Software architects can estimate resource demands (e.g., execution
times for components) based on experience with former systems or measure small prototypes of the designed architecture. Workload descriptions are often based on requirements
documents and for example state the number of users concurrently interacting with a system.
- UML Interaction Diagrams + MARTE profile
- UML Activity Diagrams + MARTE profile
- Use Case Maps
- Architecture Description Languages (ADL)
- ...

Transform

Software Model

- Queueing Networks
- Layered Queueing Networks
- Stoch. Petri-Nets
- Stoch. Process Algebra
- ...

Low-level
Performance Model

- Response Time
- Throughput
- Resource Utilisation
- Network Latency
- ...

Solve

Prediction Metric

Feedback

Fig. 1 Model-Driven Performance Evaluation Using Monolithic Software Models. Boxes represent artefacts,
arrows represent activities. The annotations list existing realisation examples for the artefacts

Once the software architect has build a complete, annotated software model, model
transformations can map it into classical, low-level performance models, such as (layered)
queuing networks (Lazowska et al., 1984; Rolia and Sevcik, 1995), stochastic Petri nets
(Heitmann and Moldt, 2007), or stochastic process algebra (Hermanns et al., 2002). The
distinction between the developer-friendly software model and the mathematically-oriented
low-level performance model keeps the complexity of the underlying mathematical concepts hidden from the software architect. In the ideal case the model transformations and
performance models are completely encapsulated into tools, so that software architects can
use them transparently.
For the classical low-level performance modelling notations, a large body of theory and
many tools exists, which solve the models and derive the desired performance metrics, such
as response time or throughput (Jain, 1991). To keep the low-level performance model hidden from the software architect, the prediction results should be fed back into the original
software model.
Examples of these methods are Software Performance Engineering (SPE) (Smith and
Williams, 2002), UML Performance Simulator (umlPSI) (Marzolla, 2004), and Capacity
Planning (CP) (Menascé et al., 2004). SPE provides a comprehensive process model. It
uses so-called execution graphs or annotated message sequence charts as software models
and transforms them into extended queueing networks using the tool SPE Editor (SPE·ED).
SPE·ED can then also solve these models with numerical techniques or with simulation.
SPE has been applied to several industrial case studies (Williams and Smith, 2002).
umlPSI is based on the UML profile for Schedulability, Performance, and Time (SPT) (Object Management Group (OMG), 2005) and uses annotated UML activity and deployment
diagrams for creating the software models. The tool umlPSI then transforms the models in
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a discrete event simulation and can also feed back the results into the UML models. No industrial application of this method in practice is known, and the tool is less stable compared
to the other two.
Capacity Planning is usually used for the performance analysis and prediction for already implemented systems. Developers describe the system’s architecture informally and
collect performance information through system monitoring and testing. A queueing network is constructed from this and can be solved using various tools. CP has been applied
in industry, for example for client/server systems (Menasce et al., 1994) and e-business systems (Menascé and Almeida, 2000).
The methods described above do not exhibit concepts for parametrised, reusable model
elements. They model the system as a whole. Thus, the created models are often used only
once after they have been built. While it is in principle possible to model component-based
system with these monolithic methods, they do not exploit the benefits of componentisation,
such as division of work, separation of concerns, and reuse.

2.2 Component-based Methods
Recently, more than 10 component-based performance modelling methods have emerged (Koziolek, 2010). The key idea of these methods is to build parametrised, reusable performance
models for each component, thus dividing the modelling task among software architects and
component developers. The performance of a software component is influenced by the parameter values it is called with, the hardware/software platform it is deployed on, and the
performance of required services (Becker et al., 2006). All these factors are unknown to the
component developer when creating the component performance model. Therefore special
modelling notations are required, which allow to express these influence factors explicitly
as parameters of the model.
- CBML (Component-based Modelling Language)
- KLAPER Kernel Language
- PALLADIO Component Model
- ROBOCOP Component Model
- ...

Component
Performance
Models

Compose

Annotated
Architecture
Model

- Response Time
- Throughput
- Resource Utilisation
- Network Latency
- ...

- Queueing Networks
- Layered Queueing Networks
- Stoch. Petri-Nets
- Stoch. Process Algebra
- ...

Transform

Low-level
Performance Model

Solve

Prediction Metric

Feedback

Fig. 2 Model-Driven Performance Evaluation Using Component-based Models. Boxes represent artefacts,
arrows represent activities. The annotations list existing realisation examples for the artefacts.

Fig. 2 shows the simplified process model of component-based performance modelling
methods. The parametrised component performance models (i.e., behavioural specification
with resource demands) are retrieved from a repository and composed by a software architect depending on the desired application architecture. Additionally, the system-level workload of the application as well as the hardware resource environment has to be described
to complete the annotated architectural model. Afterwards, the same model transformation
and model solution techniques as for the monolithic methods can be applied. While the
effort for creating parametrised models is intuitively higher than for throw-away models,
the component-based methods promise that the effort can pay off after the model has been
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reused only a few times. As a more concrete example, Fig. 3 shows an instantiation of the
process for a simplistic component-based architectural model.
Resource Demand
= x + y * 7E+8 CPU Instr.

P(z<0)

Action
P(z>=0)

(2)

Call
Component C2

(1)

LQN

(4)

Performance
Metrics (5)

Call
Component C3

Processing Rate = 40E+9 Instr./Second

Server S2

Response Time
Histogram

<<implements>>

Server S1

Component C2

<<implements>>

Component C1

Server S3

User Population
= 25
Think time = 5.0s

Transform

Solve

Component C3
Processing Rate =
35E+9 Instr./Second
Processing Rate = 30E+9 Instr./Second

(3)

(5)

Mean Response Time
= 10 ms

Resource Demand = a + 15E+8 CPU Instr.
Action

Action
Resource Demand = b * 23E+8 CPU Instr.

Feedback

Fig. 3 Component-based Performance Evaluation Example (UML + LQN). The left part shows the software
system model in UML: Component developers have supplied parametrised, behavioural specifications for
the component services in the form of annotated UML activity diagrams (1) and (3). These specification
abstractly describe the control flow through the component as a graph of actions. Calls to required services are
included (e.g. in (1)). The resource demands for component internal actions can be specified in dependency
to input parameters from the component signature. For example, the resource demand of component C1
depends linearly on the values of input parameters x and y (first action in (1)). Furthermore, the branch
conditions inside the component depend on the value of input parameter z. The architecture diagram (2)
contains processing rates to solve the parametrisation over hardware resources as well as the expected user
population of the system. Such a model contains enough information for a model transformation to a Layered
Queueing Network (LQN) (Franks et al., 2009) (4) and the subsequent derivation of performance metrics (5).

Of the 13 component-based performance evaluation methods surveyed in (Koziolek,
2010), the only two methods supporting all described levels of parametrisation are PCM (Becker
et al., 2007) and ROBOCOP (Bondarev et al., 2004).
PCM features a meta-model based on the Eclipse Modelling Framework (EMF) and
provides specialised modelling languages for component developers and software architects. The component performance models used by PCM are parametrised for different usage profiles, hardware resources, and required services as described above. After different
component performance models have been composed into an architectural model, they are
transformed into a discrete event simulation (SimuCOM) to derive the desired performance
metrics. The PCM has been applied in various industrial projects (Brosig et al., 2009; Huber
et al., 2010).
ROBOCOP is based on the ROBOCOP component model and features similar parametrisation concepts as PCM. ROBOCOP targets schedulability analysis for embedded systems
and therefore transforms the created models into an according simulation model. In (Bondarev et al., 2007), the authors themselves applied ROBOCOP to an industrial case study on
a JPEG decoder.
For our experiments, as component-based method, we chose the PCM, because ROBOCOP does not target our domain of interest of business information systems, but embedded
systems.
While component-based performance modelling methods have been proposed in research, they are uncommon in industrial practice. They promise the reuse of models and
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thus to save efforts for performance modelling. However, it has been unknown if these methods can deliver a similar prediction accuracy as monolithic methods. While it is intuitively
clear that the effort for creating parametrised, reusable models is higher than for monolithic
methods, it is not known whether the effort can pay off.
2.3 Empirical Investigation in Context: Validation Types
Our empirical investigation should be viewed in context of other types of research validations. For model-based prediction methods, we have classified the different forms of validation into three distinctive types (Böhme and Reussner, 2008):
– Type I (Model Accuracy): Type I studies validate the accuracy of the models, theory,
and analysis tools. This is the simplest form of evaluation, in which it is assumed that
all input information is available and accurate. The authors of a method create a model,
conduct the predictions supported by a tool, and compare them to performance measurements. It requires an implementation of the model language, the analysis tools, and the
system under study. The performance annotations are usually based on measurements.
Examples can be found in (Liu et al., 2005; Kounev, 2006; Koziolek et al., 2008).
– Type II (Applicability): Type II studies evaluate the applicability of a method, when
it is used by the targeted developers instead of the method’s authors. This includes investigating the maturity of the accompanying software tools and the interpretability of
the results delivered by the tools. Type II studies can also check whether third parties
are able to estimate performance annotations with sufficient accuracy. Such a study may
involve students or practitioners. It is desirable to let multiple users apply the method to
reduce the influence of the individual and gain general results.
– Type III (Cost Benefit): This form of evaluation is a cost-benefit analysis. Applying
a prediction method leads to higher up front costs for modelling and analysis during
early stages of software development. Model-based prediction methods claim that these
higher costs are compensated by the reduced need for revising the architecture after
implementation or fixing the code. A Type III study checks this claim by conducting the
same software project at least twice, once without applying the prediction method and
accepting the costs for late life-cycle revisions, and once with applying the prediction
method thereby investing higher up front costs. Comparing the respective costs for both
projects enables assessing the benefit of a prediction method in terms of business value.
Due to the high costs for such a study, it is very seldom conducted.
A second dimension for the classification is the external validity of a method. If the
authors of a method create their own example systems under laboratory conditions, they
will tend to choose systems that emphasise the benefits of their method. All three types
of validations can be performed under laboratory conditions or in the field. However, field
experiments with industry systems are expensive and time consuming.
Together, the two dimensions of classification are shown in Fig. 4. The studies presented
in this work have been performed under laboratory conditions and address Type II (applicability) validation.
2.4 Related Studies
Most empirical validations of model-based performance evaluation methods are Type I validations of a single method, e.g. in the proceedings (Dujmović et al., 2004; Dumke et al.,
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Type III
Type II
Type I
Laboratory

Field

External
Validity

Fig. 4 Evaluating Model-Based Prediction Methods. The three types of validation are labelled on the y-axis.
The dimension of external validity is shown on the x-axis.

2001). Some methods do not offer stable tool support (Koziolek, 2010) and are therefore
difficult to evaluate empirically with third-party users. In some few studies, e.g. (Balsamo
et al., 2004b) and (Bacigalupo et al., 2004; Bacigalupo et al., 2005) (see below), several performance evaluation methods were compared and aspects of applicability were considered.
However, in these studies, the evaluation was still carried out by the authors themselves,
which limits generalisation to third-party users.
(Balsamo et al., 2004b) compared two complementary performance evaluation methods
(Æmilia, based on analytic performance evaluation and umlPSI, based on simulation) using
several criteria (performance model derivation, software model annotation, generality, performance indices, feedback, scalability, and integration). It was found that both approaches
were overall feasible with an “affordable effort” (no exact numbers were given), while there
were further advantages and disadvantages of each method in detail. However, the authors of
the methods carried out the predictions themselves. Thus, the results cannot be generalised
to applicability by third-party users.
Bacigalupo et al. compared their performance evaluation technique HYDRA (Bacigalupo et al., 2003) to the Layered Queueing Network (LQN) method in two case studies (Bacigalupo et al., 2004; Bacigalupo et al., 2005). HYDRA extrapolates from historical
performance data for different classes of workload and is used for grid applications. LQNs
explicitly models the control flow, the resource demands and the resources in the system. In
both cases, benchmarks were used to generate loads for measurements and to validate the
predicted values. Both methods were found to be applicable for the system under study and
result in accurate predictions. LQNs required less effort and expertise for modelling. Again,
the authors applied the methods themselves.
As a first step towards Type III validation, (Williams and Smith, 2003) present the use of
business case analysis to analyse the cost-benefit of SPE projects and exemplarily calculate
the return-of-investment for a small case study. However, the estimations are not validated
against data from real projects.

3 Overview of Our Three Experiments
In this section, we present the goal of this work in more detail as well as the common aspects
of the three successively conducted experiments. Section 3.1 refines the overall goal of this
study presented in the introduction resulting in one concrete goal per experiment. Section 3.2
characterises the participants. Section 3.3 describes the experiment material and Section 3.4
summarises the tasks for the participants. Finally, in Section 3.5, we present the preparation
of the participants. Information on the parameters, hypotheses, experiment execution, and
analysis is given separately for each experiment in Sections 4 to 6.
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3.1 Goals
We gradually identified three concrete goals for three separate experiments based on the
main research goal presented in the introduction. The viewpoint remains the point of view
of the method user in all three goals, so we omitted it from the tables in the following.
First of all, the applicability of all model-driven performance evaluation methods when
used by average users (in contrast to the developers of the methods) was unclear. A major
factor for applicability is the achievable accuracy. Because monolithic methods do not explicitly support model reuse, we assumed that all input models were created from scratch
based on existing design documents.
Goal 1
Object
Purpose
Quality focus
Context

Analyse SPE, umlPSI, and CP
for the purpose of evaluating their applicability for model creation from scratch
with respect to achieved accuracy
in the context of a software performance engineering course.

Component-based methods allow to create reusable component performance models and
target to save effort when reusing them. It was unclear whether the same accuracy as with
monolithic methods is achievable for third-party users, how much larger the effort to create
the models is and how much effort can be saved when reusing the models.
In the second experiment, we studied the differences in accuracy and effort for creating
new performance models with the monolithic method SPE and the component-based method
PCM. From the monolithic methods, we chose SPE: First, because SPE and umlPSI are
better suited for our context of business information systems, and second, because SPE was
superior to umlPSI with respect to prediction accuracy in the first experiment.
Again, we compared the methods for the setting that the models are created from scratch,
without reusing parts of them. As SPE does not explicitly support reuse, only this setting
allows to compare both methods. The advantage of reusable models is covered by Goal 3.
Goal 2
Object
Purpose
Quality focus
Context

Compare SPE and PCM
for the purpose of evaluating their applicability for model creation from scratch
with respect to achieved accuracy and effort
in the context of a software performance engineering course.

To finish the analysis of the applicability of the component-based method, we analysed
the claim that having reusable component performance models saves effort in the reuse case.
As the reuse case is not explicitly supported for monolithic models, we did not compare the
component-based method with monolithic methods here.
Goal 3
Object
Purpose
Quality focus
Context

Compare the model reuse case and the model creation case
(both with PCM)
for the purpose of determining whether reuse pays off
with respect to the effort
in the context of usage by students.
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3.2 Participants
The participants of all experiments were computer science students enrolled in a Masters
program 1 . Overall, 47 students participated in the series of experiments. No participant took
part in more than one experiment. The participants of the first two experiments signed up
for a course on software performance engineering and then chose to voluntarily participate
in the experiment. Most of the participants had no experience with software performance
engineering before the training, two had a little. For the third experiment, we asked 2 student
research assistants, 1 student working on a Masters thesis, and 1 first-year PhD student. All
4 participants had limited, but comparable PCM experience. Overall, all participants had
previous software development experience or had attended software engineering courses (or
both); however, the length of their previous experienced ranged from less than one to 14
years. Details on the participants can be found in (Koziolek, 2004a; Martens, 2007; Martens
et al., 2009).
Because of the rather inhomogeneous group, participants were assigned to the experiment groups of the first and second experiment based on their performance in the training
exercises (cf. numbers in Fig. 6, p. 15 and Fig. 8, p. 19). For the first experiment, we used the
scores sSPE , sumlPSI , sCP achieved by the participants in the training exercise of the respective
approach. The participants were assigned to three treatment groups tSPE ,tumlPSI ,tCP so that
each group ti had a similar number of participants with better-than-average score si . In the
second experiment, we created two treatment groups based on the participants’ overall score
in the training. We assigned the participants to two treatment groups so that each group had a
similar number of participants with better-than-average score. This stratified randomization
reduces accidental inter-group qualification differences and hence strengthens the internal
validity of the experiments. In the third experiment, all participants solved the same task
(same treatment).

3.3 Experimental Material
All material to conduct a performance evaluation was made available to the participants as
if they conducted performance evaluation early in the software development process. This
included the needed performance evaluation tools, a description on the software system
under study, and documentation on the tools and methods (accessible over the web).
The description of the software system under study included three parts: A description of
the systems architecture, information about the system environment, and information about
the performance properties of the system. The architecture description included static, behaviour, and allocation views of the system. The views were visualised using UML diagrams
and described in natural language. The system environment included the resource environment as required by the performance evaluation method (e.g. what hardware is available,
what is the processor speed, what is the throughput of hard disks) and a description of the
usage of the system (how many users use the system concurrently, what input data is passed
to the system, e.g. file size of input files). Finally, performance properties of the system were
described (e.g. when is the disk accessed or how many CPU cycles are needed for a certain
operation). For experiment 1 and 2, we also provided a list of possible design alternatives to
the initial system design.
1 to be more precise: Hauptdiplom part of the German Diplom program, which is similar to a Masters
program.
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Fig. 5 Architecture description of the initial Mediastore system visualised with UML.

Our experiments use two example systems, both created for this purpose in different
versions. The first is a Webserver that can generate dynamic pages or deliver static ones
(Koziolek, 2004a, Sec. 3.2.1),(Martens, 2007, Sec. 4.2.2). The second is a Mediastore for
downloading and uploading MP3 and video files (Martens, 2007, Sec. 4.2.2). Part of the
description as provided in the second experiment for the Mediastore system is shown as an
example in Fig. 5.

3.4 Tasks
In all three experiments, the task of the participants was to predict performance metrics for
the system described in the experiment material. The task included the following subtasks:
1. To model the architecture as required by the method,
2. To model the system environment as required by the method,
3. To estimate performance properties (experiment 1 only) and/or insert given performance
properties (all experiments),
4. To run the performance evaluation tools,
5. To interpret the predicted response time metrics.
For experiment 1 and 2, the participants were additionally asked to model and evaluate
a number of design alternatives, as this is a common task when performing performance
prediction. For each design alternatives, the additional subtasks were
6. To vary the created models to represent the design alternative,
7. To run the performance evaluation tools for the design alternative,
8. To interpret the predicted response time metrics.
Finally, for experiment 1 and 2 only, participants were asked
9. To assess and rank all design alternatives based on the mean response time
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Goal 1
Q1
M1.1
M1.2
PEM
a
accuracy

Analyse Accuracy of Monolithic Methods
What is the accuracy of monolithic methods?
fracOfActual: Predicted mean response time as a fraction of the actual mean response time,
ratio scale with rational values > 0
score: Normalised number of wrong relations in predicted ordering compared to reference
ordering, ratio scale with rational values [0, 1]
Factor: Used performance evaluation method with levels {SPE,CP, umlPSI}
Independent variable: Design alternatives with levels {0, 1a, 1b, 2, 3, 4}
Dependent variable, measured with metric M1.1 and M1.2

Table 1 Summary of Goals, Questions, Metrics, and Variables for Experiment 1

3.5 Preparation
Before the experiment sessions, participants were trained in the performance evaluation
methods. They learned how to use the methods and tools, but were not required to understand the underlying theory in detail. The training included lectures on the used performance
evaluation methods (experiment 1 and 2 only) and self-study (experiment 3). Exercises were
assigned and had to be completed before the experiment session. The exercises were checked
by us and errors were discussed with the participants.
The specific preparation phases for each experiment are depicted in Figures 6 (p. 15), 8
(p. 19) and 12 (p. 25). Details for the experiments are presented in (Koziolek, 2004b, Section
5.4), (Martens, 2007, Section 4.1.1), and (Martens et al., 2009).

4 Experiment 1: Accuracy and Effort of Monolithic Methods
4.1 Planning
4.1.1 Tasks
In this experiment, participants were asked to predict the performance for the initial Webserver system (0) and for five design alternatives. The five design alternatives were (1a) a
cache for static HTML-pages, (1b) a cache for dynamically generated HTML-pages, (2)
a single-threaded version of the server, (3) application of a compression-algorithm before
sending HTML-pages and (4) clustering of the server on two independent computers.
The required subtasks to perform the performance predictions are described in Section 3.4. The original task description and information on the example system can be found
in (Koziolek, 2004a, Section 3.2.3).
4.1.2 Hypotheses, Parameters, and Variables
Based on the GQM template of (Basili et al., 1994), we derived questions and metrics for the
goals of this experiment, and formulated hypotheses. The metric formulas have been updated
for this paper to allow a common presentation of all experiments. Table 1 summarises the
goals, questions, metrics, and variables.
The factor (in terms of controlled independent variable) for the first two experiments
was the used performance evaluation method PEM. The unordered set of considered values
was {SPE,CP, umlPSI}. An additional independent variable for the first two experiments
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was the evaluated design alternative a. The levels of the design alternative variable a were
A = {0, 1a, 1b, 2, 3, 4}.
The exploratory question we asked was Q1: What is the accuracy of monolithic methods? We identified two metrics to measure the accuracy of the method. The results will be
shown as descriptive statistics.
First, the performance models should deliver values that are similar to the actual, correct
values. Here, the predicted mean response time prt was the relevant performance metric. For
goal 1, we used measurements of the implemented system to obtain the actual mean response
time art. To assess for which method the prt was closer to the art of the system, we looked
at the fraction:
prt
M1.1: fracOfActual =
art
For early design stages, it is difficult to estimate the absolute values of mean response
time. At the same time, it is more interesting to assess the relative difference between mean
response time of design alternatives than to obtain absolute values (simple-model strategy, (Smith and Williams, 2002, p.18)). Thus, to assess the accuracy of a method, we asked
the participants to order the design alternatives based on the response time they predicted:
The smaller the mean response time, the better. Then, we compared the design alternative ordering created by the participants with a reference design alternative ordering created based
on the measurements of the implemented system. If two design alternatives lead to very
similar results, we considered them to be equivalent in the reference ordering.
We defined a total preorder Rref ⊂ A × A on design alternative based on the measured
actual mean response time art that reflects “better or equivalent to”. (a1 , a2 ) ∈ Rref means
that design alternative a1 is better or equivalent to design alternative a2 . If (a1 , a2 ) ∈ Rref
and (a2 , a1 ) ∈ Rref , then a1 is equivalent to a2 . If, on the other hand, (a1 , a2 ) ∈ Rref and
(a2 , a1 ) ∈
/ Rref , then a1 is better than a2 .
The participants were asked to define a strict total order Rpred ⊂ A × A. We counted
how many wrong relations have been established by the participants that were not contained
in our reference ordering:
Count of wrong relations #w = Rpred − Rref
Let us consider an example here. The reference ranking for the Webserver system is that
alternative 3 is ranked best, alternatives 1a and 1b share the second rank, and alternative
4 is ranked worst. Then, Rref = {(3, 1a), (3, 1b), (3, 4), (1a, 1b), (1b, 1a), (1a, 4), (1b, 4)}.
Assume that a participant ranks alternative 1a first, followed by 3, 1b, 4 in that strict order. Then, Rpred = {(1a, 3), (1a, 1b), (1a, 4), (3, 1b), (3, 4), (1b, 4)}. The difference set is
Rpred − Rref = {(1a, 3)}, thus, we count one wrong relation.
To cope with varying number of ranks (due to equivalent design alternatives or incomplete rankings), we normalised by the maximum possible #w denoted by maxW. The maximum maxW could be obtained by calculating #w for the inverse ordering of Rref . In our example, the inverse ordering of Rref is {(1a, 3), (1b, 3), (4, 3), (1b, 1a), (1a, 1b), (4, 1a), (4, 1b)}.
Then, the difference set is {(1a, 3), (1b, 3), (4, 3), (4, 1a), (4, 1b)}. Thus, maxW = 5 in this
example.
MetricM1.2 measured the normalised number of wrong relations:
M1.2: score =

#w
maxW
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The metric was a ratio scale with rational values in [0, 1], with 0 meaning a correct
prediction.

4.1.3 Design

Measurement

Experiment

Preparation

The experiment was designed as a one-factor-3-treatments design as depicted in Fig. 6 in the
lower “Experiment” part. Each participant used one method (extra-subject design) to limit
the effort for the participants.

4 Lecture Sessions
(24 students, 2 hours each)

Apply SPE
on Webserver
with 5 Design Alternatives
(8 students, 2 hours)

3 Preparatory Exercises
(24 students)

Apply CP
on Webserver
with 5 Design Alternatives
(8 students, 2 hours)

Apply umlPSI
on Webserver
with 5 Design Alternatives
(8 students, 2 hours)

Webserver Implementation and Performance Measurement

Fig. 6 Design of Experiment 1, visualised as an activity diagram. Nodes represent activities. Activities surrounded by bars represent parallel activity. The activities are grouped into the three phases of the experiment.
Maximum time constraints are named for the experiment sessions.

4.1.4 Procedure
The experiment took place in a university computer lab. Participants were not supposed
to speak with others during the experiment session. Members of our research group were
present to help with tool problems or the task description. They did not influence the performance modelling of the participants.
After completion, the participants wrote down a ranking of all design alternatives (for
metric M1.2: misplacements in ranking) and handed in the created models and prediction
results, which allowed us spot checks for consistency.
After the experiment, the consistency check indeed revealed some elementary mistakes
regarding the experiment task that distorted the results. Thus, the participants were asked to
correct their solutions later. Mistakes regarding the performance evaluation methods were
not corrected. After the corrections, 22 solutions were valid and could be used for the analysis. Design alternative (2) was omitted in the analysis because only about half of the participants evaluated it.
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M1.1 fracOfActual
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1a

●
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0
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●

0.5

1.5

SPE

●

4

1.0

1.0

1.5

2.0

M1.1 fracOfActual
Fig. 7 M1.1: Variability of the predictions (predicted response time) made with different methods. Each
boxplot shows the distribution of 1000 resampled 3-pooled predictions p, each computed as the average of a
random three subjects’ predictions xi , x j , xk (together: x) plus some normally distributed noise for smoothing:
p = 31 (N (xi , 0.5σ (x)) + N (x j , 0.5σ (x)) + N (xk , 0.5σ (x))). This amounts to simulating the variability of
committee predictions when three people similar to our subjects produce each prediction together but without
discussion. It assesses the variability and robustness of prediction for each method. The box marks the 25- to
75-percentile, the fat dot is the median, the whiskers mark the 10- and 90-percentile. The lower figure shows
details from the upper one.

4.2 Analysis
For the deviation of the predicted mean response time to the actual measured mean response
time (metric M1.1: fracOfActual), we assessed the variability of the predictions using resampling as shown and explained in Fig. 7. As we see in the top part, umlPSI produced
vast overestimates (a median of 6 means a 500% overestimation is typical) and also much
higher variability. The bottom part tells us for CP and SPE that four of the five design alternatives were ’easy’ and on average lead to precise predictions with both methods—but
with much higher variance (box widths) for SPE. However, for the one ’difficult’ alternative,
SPE (while still producing higher variance) was more robust: The worst three quarters of all
predictions (left box edge) were at least 50% too high for CP, but only at least 12% too high
for SPE.
The results for M1.2: score are shown in Table 2. We observe that the orderings created
with SPE were by far most similar to the reference ordering Rref with 13% wrong relations.
Orderings created with umlPSI were worst, almost half of the relations between the design
alternatives were specified wrong by the participants.
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Method PEM
SPE
CP
umlPSI

mean score
0.13
0.32
0.48

standard deviation of score
0.14
0.26
0.36

Table 2 M1.2: Mean and variance for the score over all participants. Higher values indicate more contradictions to the reference ordering.

5 Experiment 2: Accuracy and Effort of Component-based Methods
5.1 Planning
5.1.1 Tasks
In this experiment, participants were asked to predict the performance for the Webserver
system and the Mediastore system, as well as for five design alternatives.
The five design alternatives for the Mediastore were (server2) the allocation of two of the
components to a second machine, (pool) the usage of a thread pool for database connections,
(dynlookup) the usage of a broker for the component lookup, (cache) the introduction of a
cache component that kept popular music files in memory, and (bitrate) the reduction of the
bit rate of uploaded files to reduce the file sizes.
The five design alternatives for the Webserver were (server2), (pool), (dynlookup) and
(cache) as described above as well as (logging) parallelisation of the Webserver’s logging.
The required subtasks to perform the performance predictions are described in Section 3.4. The original task description and information on the two example systems can be
found in (Martens, 2007, Section 4.2.2).
5.1.2 Hypotheses, Parameters, and Variables
For experiment 2, we use factor PEM = {SPE, PCM} and independent variable design alternative a as described above. As an additional independent variable, participants evaluated
two different tasks t describing two different systems. The levels of the task variable t were
the Mediastore task (MS) and the Webserver task (W S). The levels of the design alternative variable a were aMS = {original, server2, pool, dynlookup, cache, bitrate} for the Mediastore and aW S = {original, server2, pool, logging, dynlookup, cache} for the Webserver.
Table 3 summarises all goals, questions, metrics, hypotheses, and variables.
The first question to ask is Q2: What is the accuracy of the analysed methods? The
validity of predictions compared to measurements for SPE had been studied in experiment
1. For PCM, it had been shown in (Becker et al., 2009, Sec. 10.2.) that predictions with
correct models are close to the measured values. Thus, in the context of the second experiment, we compared the predictions of the participants with predictions made for a reference
model created by ourselves. This excludes noise introduced by a comparison with real measurements. With the obtained actual mean response time art, we reused both metrics M1.1
fracOfActual and M1.2 score for this question. For metric M1.1, we will provide descriptive
statistics. For metric M1.2, our hypothesis H2.1 was that applying PCM and SPE results in
similarly good rankings: scoreSPE ≈ scorePCM
The second question to ask was Q3: What is the effort of applying the analysed methods? To assess the effort, we measured the time needed for the tasks as duration d in metric
M3.1. The metric was a ratio scale with rational values > 0. Because the possible time sav-
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Goal 2
Q2
M1.1
M1.2
H2.1
Q3
M3.1
H3.1
PEM
t
aMS
aW S
accuracy
effort

Compare Accuracy and Effort for SPE and PCM
What is the accuracy of the analysed methods?
fracOfActual: Predicted mean response time as a fraction of the actual mean response time,
ratio scale with rational values > 0
score: Normalised number of wrong relations in predicted ordering compared to reference
ordering, ratio scale with rational values [0, 1]
scoreSPE ≈ scorePCM
What is the effort of applying the analysed methods?
d: duration needed for the tasks, ratio scale with rational values > 0
dPCM > dSPE
Factor: Used performance evaluation method with levels {SPE, PCM}
Independent variable: Task with levels {MS,W S}
Independent
variable:
Design
alternatives
for
task
MS,
with
levels
{original, server2, pool, dynlookup, cache, bitrate}
Independent
variable:
Design
alternatives
for
task W S,
with
levels
{original, server2, pool, logging, dynlookup, cache}
Dependent variable, measured with metric M1.1 and M1.2
Dependent variable, measured with metric M3.1

Table 3 Summary of Goals, Questions, Metrics, Hypotheses, and Variables for Experiment 2

ings when reusable models are reused was not studied here, we expected that just creating
the parametrised, reusable models and using them once takes longer. Our hypothesis H3.1
was that using PCM takes longer than using SPE: dPCM > dSPE .
5.1.3 Design
The experiment was designed as a one-factor-two-treatments changeover trial as depicted
in Fig. 8 in the lower “Experiment” part. Each participant used both methods (intra-subject
design), but with two different tasks. This allowed to collect more data points and further
balanced potential differences in individual factors like skill and motivation between the two
experiment groups. Using two different tasks reduced learning effects in the second session
and lowered the influence of the concrete task. Additionally, using two tasks can increase
both the internal validity (Prechelt, 2001, p.124) as well as the generalisability, which is
most threatened by specific characteristics of the single experimental tasks (Prechelt, 2001,
p.154).
Each session had a maximum time constraint of 4.5 hours. After making a prediction,
the participants’ solutions were checked for minimum quality by comparing the created
models to the respective reference model. This acceptance test served to reduce the number
of careless mistakes and included the comparison of the predicted response time with the
predicted response time of the reference model as well as a check for the well-formedness
of the models.
5.1.4 Procedure
The experiment took place in a university computer lab. Participants were not supposed to
speak with others during the experiment session. Four adviser (members of our research
group) were present to help with tool problems, the exercise, and the methods, as well as to
check the solutions in the acceptance tests. To avoid influence on the duration and accuracy,
the participants were asked to first try to solve problems on their own before consulting the
advisors. To be able to assess a possible influence of this help, we documented all help and
all rejections in the acceptance tests (Martens, 2007).

Experiment

Preparation
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10 Lecture Sessions
(19 students, 1.5 hours each)

8 Practical Lab Sessions
(19 students, 1.5 hours each)

10 Preparatory Exercises
(19 students)

Apply SPE
on MediaStore
with 5 Design Alternatives
(9 students, 4.5 hours)

Apply Palladio
on MediaStore
with 5 Design Alternatives
(10 students, 4.5 hours)

Apply Palladio
on Webserver
with 5 Design Alternatives
(8 students, 4.5 hours)

Apply SPE
on Webserver
with 5 Design Alternatives
(10 students, 4.5 hours)

Fig. 8 Design of Experiment 2, visualised as an activity diagram. Nodes represent activities. Activities surrounded by bars represent parallel activity. The activities are grouped into the two phases of the experiment.
Maximum time constraints are named for the experiment sessions, however, they were relaxed during the
experiment (see Sec. 5.1.4).

The participants noted results and duration for the data collection. For each prediction,
they were asked to document the duration (for metric M3.1) and they received a sheet to note
timestamps in a predefined way. At the end of the session, they were asked to write down a
ranking of all design alternatives (for metric M1.2: misplacements in ranking). Additionally,
the created models were handed in that allowed us spot checks of whether the response times
have been properly interpreted.
Not all participants finished the prediction for all design alternatives. Additionally, some
participants’ results could not be used and were dropped without distorting the results (3 in
the first session, 2 in the second session, cf. (Martens, 2007, p.74)). One participant could
not attend the second session due to personal reasons (cf. Fig. 8).

5.2 Analysis
5.2.1 Accuracy
For the deviation of the predicted mean response time to the reference mean response time
(metric M1.1), we assessed the variability of the predictions using resampling as shown and
explained in Fig. 9. The variability of both methods varied for different tasks t and design
alternatives a. Thus, the achieved accuracy seemed to depend on the system and design
alternative under study. There was no distinctive difference between the methods and we
observe that most predictions with both methods were close to the reference. Overall, the
accuracy of both methods was similar.
The results for M1.2: score are shown in Table 4. We observe that the orderings created
both SPE and PCM were of similar quality, with slightly better results for PCM. However,
due to the small sample size and small effect, there is no statistical significance.

design alternative a
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Palladio
●
●
●
●
●
●

server2
pool
original
dynlookup
cache
bitrate
0.8

1.0

SPE

●
●
●
●
●
●
1.2

0.8

1.0

1.2

design alternative a

M1.1 fracOfActual for task t = MS (Mediastore)
Palladio
●
●
●
●
●
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server2
pool
original
logging
dynlookup
cache
0.8

1.0

SPE

●
●
●
●
●
●
1.2

0.8

1.0

1.2

M1.1 fracOfActual for task t = WS (Webserver)
Fig. 9 Variability of the predictions (predicted response time) made with PCM and SPE. Each boxplot
shows the distribution of 1000 resampled 3-pooled predictions p, each computed as the average of a random three subjects’ predictions xi , x j , xk (together: x) plus some normally distributed noise for smoothing:
p = 31 (N (xi , 0.5σ (x)) + N (x j , 0.5σ (x)) + N (xk , 0.5σ (x))). This amounts to simulating the variability of
committee predictions when three people similar to our subjects produce each prediction together but without
discussion. It assesses the variability and robustness of prediction for each method. The box marks the 25- to
75-percentile, the fat dot is the median, the whiskers mark the 10- and 90-percentile.
Method PEM
SPE
PCM

mean score
0.048
0.037

standard deviation of score
0.013
0.006

Table 4 M1.2: Mean and standard deviation for the score over all participants and all tasks t ∈ {MS,W S}.
Higher values indicate more contradictions to the reference ordering.

5.2.2 Effort
We evaluated metric M3.1 for the whole experiment task (=: scope wt), thus the duration d
includes the duration of analysing the initial system and all design alternatives. Additionally,
we distinguished by the task t ∈ {MS,W S}.
In neither session, all participants were able to finish the whole task wt within the extended time constraints, especially for PCM. To not favour one method in the comparison,
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(a) for the whole task scope (wt). The number of evaluated results is kPCM,MS = kSPE,MS = 3 and kPCM,W S =
kSPE,W S = 6.
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(b) for the initial system scope (is) with kPCM,MS = 6, kSPE,MS = 10 and kPCM,W S = kSPE,W S = 8.
Fig. 10 Metric M3.1: Duration d in minutes for both methods and both systems of the kt fastest participants.
The boxes indicate the 25- and 75-percentile, the whiskers the 10- and 90-percentile, the small circles all
single data points. The large dot inside the boxes is the median.

only the results of the k fastest participants from both groups were evaluated for metric
M3.1, so that for both groups, the slower participants were left out.
Let ka,t be the number of participants who finished the whole task for one task t ∈
{MS,W S} with one method a ∈ PEM. Then, we used the kt = max(kPCM,t , kSPE,t ) fastest
participants results when comparing the results for t. Fig. 10(a) shows the results of metric
M3.1 for the four combinations of methods and systems.
To get more data points, metric M3.1 was also evaluated for the analysis of the initial
system only without design alternatives (=: scope is). Because all participants completed the
initial system, we did not have to consider only the k fastest as before. Thus, we considered
all participants (except the excluded ones mentioned in Section 5.1.4). Fig. 10(b) shows the
resulting boxplot.
Table 5 shows the mean and standard deviations for metric M3.1 as well as the number
of observations taken into account for all aforementioned combinations. Additionally, we
compared how much longer it takes in average to make the PCM prediction compared to
making the respective SPE prediction. These factors are shown as avdPCM /avdSPE . In average over both scopes, the duration for a PCM prediction was 1.4 times the duration for an
SPE prediction.
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meanPCM,t
sdPCM,t
k
meanSPE,t
sdSPE,t
k
meanPCM
meanSPE

Whole task
MS
WS
374
285.33
49.122
41.471
3
6
283.67
243.33
20.648
25.009
3
6
132%
117%

Both
314.89
60.362
9
256.78
30.07
9
123%

Initial system
MS
WS
189.17
190.75
54.22
65.546
6
8
101.44
118.75
19.034
42.654
9
8
186%
161%

Both
190.07
58.691
14
109.59
32.502
17
173%

Table 5 Metric M3.1: Mean durations (mean) and standard deviations (sd) for making a prediction for the k
fastest participants in minutes

For further analysis, we analyse both systems MS and WS together by normalising the
effort values to a mean value of 100 for each system and scope. We analysed the confidence
intervals for our hypothesis H3.1 dPCM ≥ dSPE . Even though the number of observations k is
small, the effect size is large enough to achieve significant results. With probability of 0.95,
the mean effort to apply PCM is more than 110% of the mean effort to apply SPE for the
whole experiment task (scope wt). For the initial system only without design alternatives
(scope is), the mean effort to apply PCM is more than 144% of the mean effort to apply
SPE with the same probability. An upper bound for the confidence interval could not be
determined in both cases.
From the results, we also learn that using PCM takes a larger initial effort, as the time
difference in scope is was larger. When studying different design alternatives, most of the
system can be reused. As the lead of SPE was reduced when considering the whole task
(scope wt), we suspected that the PCM models are indeed more suitable for reuse, even if
this was not studied explicitly here. The next experiment with a specific design was needed
to verify this hypothesis.
6 Experiment 3: Effort for Model Reuse
6.1 Planning
6.1.1 Tasks
The architecture modelling (cf. Section 3.4) was separated into two subtasks. First, the
participants were asked to create 3 component performance models (for the Cache, Shop,
and Watermarking component). In the second subtask, they assembled the newly created
components together with other pre-existing components (AudioDB, Billing, Encoding,
Store), and predicted the performance for the resulting system. The original task description and information on the example system can be found online at (Martens et al., 2009).
The disguise of the studied research question can reduce unwanted motivation bias (Prechelt,
2001). Example studies are (Briand et al., 1997; Prechelt et al., 2001). In our case, the participants were asked whether a certain performance requirement of 5 seconds response time
could be fulfilled to disguise that their effort was the measured metric.
6.1.2 Hypotheses, Parameters, and Variables
For the third experiment, only PCM was applied. The factor “how is the model obtained”
m distinguished the two cases: (1) create a component performance model and predict the
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Goal 3
Q4
M4.1
H4.1
Q5
H5.1
m
c
ci
effort

Compare Effort for Reuse Case and Model Creation Case in PCM
What is the effort of the two cases “must model” (m = 1) and “reuse” (m = 0)?
ˆ duration to obtain the performance model, ratio scale with rational values > 0
d:
dˆm=0 << dˆm=1
How does effort relate to interface complexity and inner complexity?
The additional effort for creating new models (m = 1) is explained by the total complexity
c + ci , whereas the duration of reuse (m = 0) depends only on the interface complexity ci
Factor: Model origin with levels “must model” (m = 1) and “reuse” (m = 0)
Independent variable: Component internal complexity, ratio scale with integer values ≥ 0
Independent variable: Interface complexity, ratio scale with integer values ≥ 0
Dependent variable, measured with metric M4.1

Table 6 Summary of Goals, Questions, Metrics, Hypotheses, and Variables for Experiment 3

performance (“must model” case: m = 1) and (2) reuse a component performance model and
predict the performance (“reuse” case: m = 0). Additional independent variables were two
complexity measures c and ci . Table 6 summarises all goals, questions, metrics, hypotheses,
and variables.
To operationalise the goal, we first ask Q4: What is the effort of the two cases “must
model” (m = 1) and “reuse” (m = 0)? We measured the effort to prepare a performance
prediction by creating or reusing a component performance model with metric M4.1: duration dˆ to obtain the the performance model. We observed the metric for both levels of m on
a ratio scale with rational values > 0.
Reusing a component must be considerably easier than recreating it in order for reuse
to pay off eventually. Our qualitative hypothesis H4.1 was that the duration to obtain the
estimation model is considerably less in the “reuse” case compared to the “must model”
case for our example system: dˆm=0 << dˆm=1 .
The metric dˆ was very specific for our components under study. In general, to achieve a
lower effort for reuse, complexity has to be encapsulated inside the reused component: the
interface complexity, dealt with when reusing, needs to be smaller than the inner complexity
of the component. For more generalisability, we studied how the effort e was related to
the interface complexity and the inner complexity of a component in both reuse and model
creation case. We asked the Q5: How does effort relate to interface complexity and inner
complexity?.
To measure the complexity of components, we defined the following additional independent variables for each of the services s offered by a component. The definitions were
derived from our experience of complexity of PCM models. To illustrate our definition,
Fig. 11 shows an example behaviour specification of the service watermark. We defined the
following variables:
– sps ∈ N0 : Number of parameters used in the behaviour description of s (e.g. 1 for
file.BYTESIZE in service watermark).
– as ∈ N0 : Number of actions in the behaviour description of s, without start and stop (e.g.
2 in service watermark).
– lvs ∈ N0 : Number of local variables used in the behaviour description of s (0 in service
watermark).
– css ∈ N0 : Complexity of the parameter dependencies in the probabilistic annotations of
actions and control flow of s (e.g. 1 in service watermark for the parameter dependency
in the InternalAction: A single parameter is used in a linear dependency, which is a
simple case).
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<<InternalAction>>
watermark
ResourceDemand

25 + file.BYTESIZE * 1.5 * 10 ^ ( -5 ) <CPU>
<<SetVariableAction>>
aName
VariableSetter

RETURN
VariableCharacterisation

BYTESIZE = file.BYTESIZE

Fig. 11 The behaviour specification of the service watermark of the DigitalWatermarking component in
the Mediastore system. In this example, the behaviour is a sequence of four actions. Start action and stop
action mark the entry point and exit point of the service. The InternalAction denotes the usage of resources.
In this example, the CPU is used. The amount of required CPU time has a constant factor (25), but also
depends on the size of the file parameter in bytes (denoted as file.BYTESIZE). In the SetVariableAction,
the return parameters of this service are characterised. In this case, the size of the file remains unchanged.
Other available constructs used in this study are loops, branches, external calls, and local variable definitions.
Variable
c
ci

AudioDB
7
5

Billing
2
1

Cache
7
4

Encoding
14
4

Shop
8
2

Store
9
5

Watermarking
3
2

Table 7 Complexity of the Components in Experiment 3

We defined the interface complexity of a component with n services as independent
variable
n

Interface complexity: ci =

∑ sps

s=1

We defined the inner complexity of a component with n services as independent variable
n

Inner complexity: c =

∑ as + lvs + css

s=1

Both variables were ratio scale with integer values ≥ 0. The complexity of the components
is given in Table 7.
For successful reuse, we expected the relation between effort and complexity as follows:
One the one hand, the effort for obtaining the estimation model for a given component K
should correlate with K’s total complexity c+ci if one must create the model (“must model”:
m = 1). On the other hand, the effort should correlate only with K’s interface complexity ci
if one can reuse the model and needs not create it (m = 0). The level of m was expected to
be the main explanatory factor for the effort variable.
Thus, our second hypothesis was H5.1: The additional effort for creating new models
(m = 1) is explained by the total complexity c + ci , whereas the duration of reuse (m = 0)
depends only on the interface complexity ci .
6.1.3 Design
As we expected to observe a large effect, we chose a simple experiment design with few
participants and still expected significant results. We used an unbalanced paired comparison
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Experiment

Preparation

design (Wohlin et al., 2000, p. 55) as depicted in Fig. 12 in the lower “Experiment” part. The
fixed order (first create, then reuse) is required by the nature of the task, as the components
cannot be used before they have been modelled. By having the participants create and reuse
several component models, we obtained more data points for each factor level.

Self-study
(4 students)

Create 3 components
(4 students)

1 Preparatory Exercise
(4 students)

Reuse 7 components
(3 own, 4 other)
(4 students)

Fig. 12 Design of Experiment 3, visualised as an activity diagram. Nodes represent activities. Activities surrounded by bars represent parallel activity. The activities are grouped into the two phases of the experiment.

6.1.4 Procedure
The experiment took place in a university office. Each participant had a separate appointment. The participants’ modelling was monitored by screen recording and the duration dˆ
was measured afterwards for each component.
One experimentator was present. After the participants had read the (sub-)task description, they were allowed to ask questions related to understanding the task description. After
starting with the modelling, they were not supposed to ask any questions. However, some
tool problems (crashes, bugs) required intervention of the experimentator. The time spent
on problems could be determined from the recordings and was removed from the analysis
results.

6.2 Analysis
The results of metric M4.1: Duration dˆ is shown in Fig. 13. We see that the duration for the
newly created components Watermarking, Shop, and Cache was much higher than for the
other reused components. Thus, hypothesis H4.1 was clearly fulfilled.
For further analysis, for each subject and component, we represented the effort by
the fraction of subject’s s overall work time that he/she spent on component K : es,K =
ts,K /ts,total . This way, we removed of the inter-subject working speed differences and focussed on the inter-component effort differences alone. We now normalized the complexity
measure c by linearly scaling it such that its mean (over all data points in this experiment)
is 1. We did the same for ci . This way we made c and ci directly comparable in the effort
models we could then construct: We searched for linear models explaining e in terms of c,
ci , and m for all subjects and components. For these computations, we used the ’lm’ and
’anova’ procedures of R 2.8.1 (R Development Core Team, 2007).

Created Component
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Watermark

●

●

●

●

●

Mediashop

●

●

●

●

●

Cache

●

10

20

●

30

●

●

●

40

Reused Component

M4.1 duration ^d in minutes

Mediastore
●

●

Billing
AudioDB

●

●

●

Encoding

●

●

0.2

●

●

●

●

●

●

●

●

●

●

0.4

●

●

●

0.6

0.8

1.0

M4.1 duration ^d in minutes
Fig. 13 M4.1: Duration dˆ in minutes to obtain the performance model. The upper figure shows the duration
for all newly created components (mustmodel = 1). The lower figure shows the duration for all reused components (mustmodel = 0). Note that the scale in the lower figure is enlarged by almost factor 50. The boxes
indicate the 25- and 75-percentile, the whiskers the 10- and 90-percentile, the small circles all single data
points; the large dot inside the boxes is the median. The number observations is 4 for each box.

A model
√ providing a reasonably good fit (with low error and acceptable heteroscedasticity) was e = 0.729ci + 5.438c · m (see Fig. 14). Both coefficients were highly significant
(p < 0.0003) and the model explained 95% of the variance, of which the first coefficient
bore 38.5% and the second bore 56.5%.
The model indicates that interface complexity ci was a relevant predictor of effort for
the component model reuse case (m = 0) and, more importantly, that internal complexity c
was only relevant for the component model creation case (m = 1). Our hypothesis H5.1 can
be accepted (in the sense that the opposite is rejected).
The second coefficient was 7.5 times larger than the first. This shows that the relative
influence of the internal complexity c was much stronger, which means that the amount of
effort saved by reuse was large. Note that the ratio of 7.5 applies to the square root of effort.
For effort itself, the ratio was about 20. However, in that case, the first coefficient was not
statistically significant (p = 0.3), which was why we present the model for square root of
effort instead.

7 Discussion
In the following, we discuss the results of the studies (Section 7.1) and the threats to validity
(Section 7.2). We generalise the findings in section 7.3. In Section 7.4 we briefly present
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effort: sqrt(e)

8

m=1

6
4
2

m=0
●
●
●

0

●
●
●
● ●
●

N=28

●
●

2

4

6

0.729ci + 5.438c*m
Fig. 14 Prediction quality of the model of reuse effort (m = 0 marked with
√ circles) vs. must-model effort
(m = 1 marked with triangles). The dashed line represents the linear model e = 0.729ci + 5.438c · m.

future research in the area of component-based performance evaluation as well as discuss
possible future studies in the area of model-based performance evaluation, also from an
industry point of view.

7.1 Evaluation of Results and Implications
Initial interpretations of the results of each study separately have partially been given in the
respective analysis sections. Here, we summarise the overall findings.
The main findings are
1. The accuracy achieved with umlPSI was noticeably worse than the other two methods
SPE and CP. Using SPE or CP led to similar accuracy (cf. Fig. 7 and Table 2).
2. Using the component-based PCM or the monolithic SPE led to similar accuracy (cf.
Fig. 9 and Table 4).
3. Creating reusable, parametrised models with PCM requires more effort than creating
monolithic models with SPE (cf. Fig. 10(b)).
4. Reusing PCM models is much faster than creating them (cf. Fig. 13). Furthermore, we
could identify that there is a significant relationship between total component complexity and the effort in the model creation case, whereas the effort only depends on the outer
interface complexity in the reuse case (cf. Fig. 14).
The related studies presented in Section 2.4 have different research objective, thus their
results cannot be readily compared to ours. However, our results do not contradict any of
their findings, thus, they all fit in one overall theory. The comparison of SPE and CP can be
related to the comparison of LQN and HYDRA in (Bacigalupo et al., 2005), because SPE
and LQN are control-flow-oriented methods, whereas CP and HYDRA use measurement
data. In both studies, the applicability of the two respective methods was similar, none was
superior.
A discussion of inferences from this results can be found after the discussions of the
threats to validity in Section 7.3.
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7.2 Threats to Validity
In this section, we discuss the most important threats to validity that remain in our experiment designs. A more detailed discussion for the first two experiments can be found
in (Koziolek and Firus, 2005; Martens et al., 2008b; Martens, 2007).
7.2.1 Internal Validity
The internal validity is concerned with the causal relationship between the treatment and the
outcome. The observations should be caused by changes of the independent variable (e.g.
the applied performance evaluation method) and not by other factors that have not been
measured (Wohlin et al., 2000).
We have ensured this by randomized assignment of subjects to treatment groups in experiments 1 and 2, by a cross-over design to counter the learning effect in experiment 2, and
by careful and supervised measurement. Some small deviations exist as mentioned in the
’Procedure’ sections 4.1.4 and 5.1.4 above. Experiment 3 investigates only correlation, not
causation. The quite reasonable quality of the linear model that describes this correlation
can roughly be seen from Fig. 14.
7.2.2 Construct Validity
The construct validity is concerned with the relation of observation (treatment and outcome)
and underlying theory (cause and effect in the real world) (Wohlin et al., 2000). The observed
outcome (metrics for effort and accuracy) must be valid representatives for the studied effect
(applicability), and the treatment (factors of independent variables) must be valid representatives for the studied cause (application of the methods in software development).
Levels of constructs: The measure for SEFF complexity used in experiment 3 is solely
based on our experience and has not been previously validated. However, as the first idea
worked so well without any trial-and-error, it appears that it is in fact valid, at least for the
present study.
Experimenter bias: The authors were involved in the development of PCM, which could
have biased experiment 2. However, we found no evidence of such bias in the setup (e.g. the
quality of the method and tool instructions) or the resulting data. For instance, the participants complained equally often about the tools of both methods.
7.2.3 External Validity
The external validity states whether the results of an experiment are transferable to other
settings than the specific experimental setting (Wohlin et al., 2000, p.65).
Here is the list of what we consider the most serious threats in this regard:
– The two systems (Webserver and Mediastore) investigated in our experiments are realistic from a performance assessment point of view (Smith and Williams, 2002), but
can obviously not cover the space of possible architectures. It is conceivable that some
differences between the methods might be different for different kinds of architectures,
in particular very complex ones. However, effects observed for both systems probably
generalize to a fair degree.
– We partially assumed that the timing behaviour of the software was already known.
– In the reuse scenario, no identification of possible reuse candidates was needed.
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– The competence of our student subjects may have been unrealistically low (as they did
not have long experience with the methods) or unrealistically high (as they were instructed carefully in the methods used). No substantial numbers of practitioners with
deep experience in model-based performance evaluation exist so far, so it is unclear
with what to compare our subjects.

7.3 Inferences
The finding that the umlPSI method led to worse accuracy supports the claim that tool support is crucial for empirical validations. At the same time, this poses a threat to the related
studies reported in Section 2.4, because the authors themselves applied the methods in those
cases. Our findings show that the generalisability to third-party users is not given for those
studies. Inferences from the umlPSI results to the applicability of UML methods in general
cannot be made. The unstable tool support is more likely the cause.
The third experiment investigated whether we can expect lower effort when reusing
components. We did not only analyse this for one specific system, but also tried to generalise by showing that the effort can be explained on the interface complexity only. Thus,
regardless of the inner complexity of a component, the models can be reused. This observations also seems to be generalisable to more realistic models which more inner complexity
(as the inner complexity plays no role).
Even though we did not study the effect of reuse for monolithic methods, we can make
the following observations. When reusing monolithic performance models, the internals of
the models need to be adapted manually for every reuse. Thus, here the inner complexity
must play a role in the effort or accuracy. Consequently, for well-encapsulated components,
monolithic models are more difficult to reuse and component-based models will eventually
pay off.

7.4 Future Work
Directions of future work include continuing development of the PCM, improved applicability of the approaches for industry, and future experiment in these areas.
7.4.1 Further Research for Component-based Performance Evaluation
Some open questions for the PCM method and component-based performance evaluation
methods in general have arisen during our study. First of all, the required degree of parametrisation is unknown. For example, a component can be modelled with parameters that allow
to specify the effects of the component container later. Alternatively, the component can be
modelled depending on one specific component container (e.g. JBoss’ EJB implementation).
In this case, the component model might not be reusable in contexts with other component
containers (e.g. Oracle’s EJB implementation). A guideline is required to help deciding for
a degree of parametrisation and reusability when creating the initial models. Especially for
resource parametrisation, it has to be checked whether the right abstraction level is used in
the meta models.
It is crucial to decrease the effort to create the parametrised models. On the one hand,
model creation can be tool-supported: Reverse engineering implemented components has
been suggested in (Kuperberg et al., 2008). Furthermore, automated test bed generation can
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help to improve the parametrisation based on varying measurements. On the other hand, a
stepwise refinement can reduce the need to create detailed parametrised models from the
beginning. When a component performance model is reused in a different context, an automated calibration and validation of its initial parametrisation could be performed.
7.4.2 Industry Interests
For industrial application, it is relevant to cut down the effort for performance modelling
as much as possible. More automation, such as automated measurements, automated calibration of models, etc., is required. With model-based method such as SPE, PCM, umlPSI,
etc., users create high-level software models instead of low-level performance models of the
system (cf. Fig. 1). Empirical studies can validate the claim that high-level models ease the
modelling, and can help to spread the use of model-based methods in industry. Finally, the
methods need to be accompanied by more systematic processes that structure the activities
required for predictions and name patterns and best-practices. Applying the methods needs
to evolve from an art to a repeatable engineering practice.
For component-based performance evaluation methods, it needs to be determined under
which circumstances their use is beneficial. Product lines with systematic reuse could be
used as case studies. As a second issue, legacy systems, that are not divided into components
by design, need to be incorporated in the methods.
7.4.3 Interesting Research Questions and Proposed Experiment Set-ups
To evaluate the cost-benefit (type 3 validation) of methods, three different strategies to performance should be compared based on the cost they cause in the development process:
1. Model-based performance evaluation starting at design time: Measure the cost to create
the models
2. Active performance testing, i.e. executing load tests as soon as implementations are
available: Measure the cost for performance testing and the cost for fixing performance
problems
3. Fix-it-later approach, i.e. only handling performance if problems occur in functional
testing or even after installation at the customer site: Measure the cost for fixing performance problems.
Furthermore, the applicability of different abstraction levels for the created models
should be compared based on achieved accuracy and effort. Abstraction levels are (1) highlevel software models or (2) low-level performance models as explained in Section 2.1 (cf.
Fig. 1).
The reliability of performance estimation of human users should be analysed with respect to the user’s experience to determine which level of expertise is required for accurate
estimations.
A relevant study for industry is to analyse the research questions in different contexts
in order to determine the factors to choose one method. Possibly, LQNs could be beneficial
for distributed systems. Stochastic Petri nets or queueing Petri nets could be best for systems with many synchronization and concurrency issues. PCM could be useful if varying
allocation and varying usage profiles need to be studied.
For component-based methods, we should study which factors of the development context influence the break-even point for reusable models. A number of studies in different
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contexts can lead to guidelines, which state under which circumstances component-based
methods are useful.
Consequently, required setups for future experiments on performance evaluation methods include surveys with performance engineers from practise, experiments with practitioners, experiments in realistic project settings (possibly with students in a full term project),
and long term studies (e.g., on performance knowledge engineering).

8 Conclusion
From the experiments reported here, we learned that component-based performance evaluation methods can indeed be more applicable, i.e. as accurate while saving effort, than
monolithic models if component performance models are reused.
We reported on a series of three experiments studying the accuracy and effort when the
performance evaluation methods SPE, CP, umlPSI, and PCM are applied by student participants. We found that applying SPE and CP produced good results, while applying umlPSI
produced over-estimates. Comparing PCM and SPE, we found that they resulted in similar
accuracy, while PCM required more effort to create the models from scratch. Finally, the
effort for predicting performance with PCM was much reduced when models can be reused.
In particular, our findings suggest that the effort for reusing PCM component models only
depended on the comparably small interface complexity, not on the high internal complexity
encapsulated inside each component. Thus, for well encapsulated components, effort can be
saved when reusing the component models.
Future experiments should analyse larger designs in a more realistic development setting. Possibly, field studies could be done for a single method. Additional future work could
also compare different component-based methods against each other to evaluate their specific benefits and deficits. Finally, the prerequisites under which component performance
models can be successfully reused need to be characterised to support decisions to use a
component-based performance evaluation method.
Only with applicable tools, the empirical validation of the entire method is possible. In
the course of studies like presented here, the conceptional methods and the supporting tools
are better understood, improved and made more applicable.
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