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Abstract 

Software test processes are complex and costly. To reduce testing effort without compromising effectiveness 
and product quality, automation of test activities has been adopted as a popular approach in software industry. 
However, since test automation usually requires substantial upfront investments, automation is not always more 
cost-effective than manual testing. To support decision-makers in finding the optimal degree of test automation 
in a given project, we recently proposed a process simulation model using the System Dynamics (SD) modeling 
technique and used the simulation model in the context of a case study with a software company in Calgary, 
Canada. With the help of the simulation model, we were able to evaluate the performance of test processes with 
varying degrees of automation of test activities and help testers choose the most optimal cases. The goal of the 
earlier study was to investigate how the simulation model can help decision-makers decide whether and to what 
degree the company should automate their test processes. In this article, we present further details of the SD 
model, its usage scenarios and examples of simulation experiments independent from a specific company 
context. 

Keywords 
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1 Introduction 

As of year 2002, software quality issues in the form of defects (bugs) cost the United States economy an 
estimated $59.5 billion annually and it is estimated that improved testing practices could reduce this cost by 
$22.5 billion [1]. According to a more recent 2013 study by the University of Cambridge [2], the global cost of 
finding and removing bugs from software has risen to $312 billion annually and it makes up half of the 
development time of the average project. 

The steps of a software test process can be conducted manually or automated. In manual testing, the tester takes 
over the role of an end-user executing the software under test (SUT) to identify unexpected behavior and 
defects. In automated testing, the tester uses another software (called test tool) and usually writes test code 
scripts (e.g., using the JUnit framework) to test the SUT [3]. Deciding when to automate testing is a frequently-
asked and challenging question for testers in industry [4]. As test automation requires an initial investment of 
effort, testers are interested in finding the answer to this question. More specifically, testers are interested in 
understanding the return on investment (ROI) of test automation, i.e., when a positive ROI is reached and what 
total ROI can be achieved.  
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Several studies have been carried out to investigate the ROI of test automation [5-10]. However, those studies 
are limited as they either focus exclusively on the process step of test execution, or calculate the ROI 
exclusively based on variables which must be converted to one unit (typically ‘time’, ‘effort’ or ‘cost’) and thus 
ignore influencing factors that cannot be transformed into a unique unit (e.g., variables representing ‘size’, 
‘skill’, or ‘quality’), or merely present theoretical models without empirical evaluation. The objective of our 
study is to assess the ROI of automatic test execution. This objective will be investigated in a holistic context, 
i.e., we aim at evaluating both manual and (at least partly) automated test execution, considering all steps 
typically involved in software testing, from test-case design, to test-case scripting, to test execution, test 
evaluation and reporting of test results. In addition, we combine several dimensions of the software testing 
processes under investigation, i.e., time, effort, and quality aspects. This allows the model user to define the 
ROI problem in a more flexible way, i.e., from the point of view of the dimension that is of highest interest. 

Based on previous work [11], we developed a System Dynamics (SD) process simulation model that serves as a 
tool to investigate various configurations of test processes for the purpose of decision support on when to 
automate software testing. SD is a modeling technique to model, study, and manage complex systems [12]. By 
instantiating the SD model with different parameter settings for each test-related activity, characterizing the 
degree of automation of each step, we are able to assess the impact on performance parameters that could be 
used to characterize ROI.  

In this paper, we present the following contributions: 

 Description of our modular, customizable and scalable process simulation model implementing the 
conceptual test process reference model. (Section 3) 

 Illustration through various scenarios how our process simulation model can be used as a cost-benefit 
analysis tool when comparing manual with (semi-)automated testing. (Section 4) 

The rest of the paper is organized as follows. In Section 2, we discuss background and related work. Among 
other things, we present the steps contained in a typical software test process and use it as a reference model for 
our SD process simulation model. In Section 3, we present details of the implementation of the SD model 
representing the typical software test process. In Section 4, we present and discuss various application scenarios 
used for cost-benefit analyses and ROI characterization of manual versus automated testing. Finally, in Section 
5, we present conclusions and directions for future work.  

2 Background and Related Work 

We present a brief overview of published literature related to our research topic, i.e., the investigation of costs 
and benefits of full or partial automation of software testing, and software testing simulation methods. We also 
present a reference model for test processes including manual versus automated testing which will be used as 
the baseline for the test process simulation model that we propose in this work.  

2.1 Cost-Benefit Analysis Methods 

The standard approach to compare manual with automated testing and analyzing the strengths and weaknesses 
of each option is cost-benefit analysis [6-8]. The limitations of this method include: (a) typically, in a cost-
benefit analysis all cost and benefit factors are converted into a single unit of comparison, i.e., time, effort, or 
cost (using a monetary unit such as US dollar). This inevitably results in a predominant focus on immediate 
time, effort or cost saving benefits of the automated test activities. However, test automation may have other 
more indirect or long-term benefits such as improved maintenance, defect detection effectiveness, and 
reusability of product code and test code; (b) Moreover, the necessity of expressing all factors influencing cost 
or benefit  in terms of a single unit might result in ignoring or overlooking important factors that cannot (easily) 
converted into the single unit of choice (e.g., skills of engineers, size and quality of artifacts, and familiarity 
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with tools); and (c) Finally, cost-benefit analysis methods are limited to considering only direct (or ‘first-order’) 
factors influencing the cost and/or benefit of a test activity. Indirect (or ‘higher-order’) factors, side-effects, and 
feedback-loops are usually excluded from the analysis.  

In addition to publications reporting the results of cost-benefit analyses of test automation, we found several 
literature reviews and surveys focusing on collecting evidence about benefits and limitations of manual and 
automated testing [13, 14]. For example, in a recent in-depth study combining a literature review and a survey, 
Rafi et al. [13] found that benefits of test automation mainly relate to better reusability and repeatability of tests 
as well as higher test coverage and lower test execution cost. The biggest impediment for test automation was 
the high initial investment into test automation setup, tool selection and training. The authors also indicate that 
benefits of test automation often had support from experiments and case studies, while statements about 
limitations and impediments of test automation often originate from experience reports. Furthermore, the 
authors noticed that in their survey and follow-up interviews, responses from students and faculty in academia 
did not always comply with responses received from engineers and managers in industry. With a stronger focus 
on the industry-perspective, Taipale et al. [14] explored the current state of automation in software test 
organizations by collecting and analyzing views and observations of managers, testers and developers in several 
organizations. The authors found that although test automation is viewed as beneficial, it is not utilized widely 
in the companies. According to Taipale et al., the main benefits of test automation are improved code quality, 
the possibility to execute more tests in less time and easy reuse of test-code. The major disadvantages of test 
automation are related to the costs associated with preparing the automated execution of test scripts, as well as 
will the associated maintenance of test-code. In addition, properties of tested products, skills and attitudes of 
employees, resource limitations, and the types of customers seem to influence what would be an appropriate 
level of automated test execution.  

2.2 Simulation of Software Test Processes 

Beginning with the seminal work by Kellner and Hansen [15] and Abdel-Hamid and Madnick [16] in the late 
1980s, software process simulation has become an active and growing area of research [17] and many 
companies have experimented with using process simulation models as a management and decision-support 
tool. However, only a small number of the published simulation models focus on the analysis/improvement of 
software test processes. For example, Collofello et al. [18] proposed using process simulation (using an SD 
model) to identify and analyze factors responsible for testing costs. Among other factors, the type of software to 
be developed and associated quality requirements as well as the degree of thoroughness of testing contributes to 
costs and benefits of testing. Rus et al. [19] developed a process simulator that aimed to investigate the impact 
of management and reliability engineering decisions on the reliability of software products. Raffo and 
Wakeland [20] developed a process simulator that was used to investigate costs and benefits of inspections, 
verification, and validation activities in NASA software development projects. Garousi et al. [21] presented an 
extensible and customizable SD process simulation model that can be used to assess trade-offs of different 
combinations of verification and validation activities, including inspections and various types of test levels, with 
regards to project performance parameters such as effort, duration, and product quality. None of the 
aforementioned publications investigated the extent to which test automation influences the costs and benefits 
of testing. 

2.3 Test Process Reference Model 

Based on standard textbooks on software testing and incorporating different views and classifications [22-24], 
we developed a test process reference model which is shown in the form of a UML activity diagram in Figure 1. 
By synthesizing the views and classifications found in the literature, we divide the testing process into the 
following activities: 
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 Test-case design: Preparing test data and developing test procedures 
 Test scripting: Documenting test cases in manual test scripts or test code for automated testing 
 Test execution: Running test cases on the software under test (SUT) and recording the results 
 Test evaluation: Evaluating results of testing (pass or fail), also known as test oracle or test verdict.  
 Test co-maintenance: Repairing existing manual test cases and test scripts when the SUT is maintained 

or addition of new test cases. 
 Test code refactoring (only for automated testing): Perfective maintenance of code that is needed for 

automated test script execution. 

 

Figure 1. Software test process reference model 

Figure 1 also shows related activities performed by testers and developers in response to the test activities, i.e., 
fault localization and maintenance of the SUT. In each test activity, artifacts are produced. At first, in the test 
case design step, test cases are designed using either black- or white-box test approaches. The output of this step 
is a test suite, forming the input to the next step, test scripting. Test scripts, the output from the test scripting 
step, are the set of instructions that are performed on the SUT. When the test scripts are executed, test results 
are generated and – based on a test oracle – verdicts (pass or fail decisions) are reported to developers. 
Maintenance activities on test suites are needed for two reasons: (1) either new test cases and scripts have to be 
added due to the change in software requirements, or (2) it turns out that test cases and/scripts have to be 
corrected. In the case of automated testing, in addition to maintenance also test-code refactoring activities might 
be needed.  

3 Test Process Simulation Model  

In the context of an industrial case study, to analyze the performance of a company’s software test processes, 
we developed and applied an SD model representing the main elements of the software test process reference 
model. To make the SD model structurally uniform, independent from the decision whether a test activity is 

Test 
Scripting

Test 
Execution

Test scripts

Maintenance

Test 
Results

Test Developer
(Automated Testing)

Developer

SUT 
Artifact

triggers

changes triggers

Co-maintenance, 
a.k.a. Test Repair

changes
Fault detection 
effectiveness

Fault
Fault 

Localization
triggers

Failure

Pass

Cost-incurring 
activity (effort)

Activity/data 
providing benefit 

Manual Tester

Manual 
Test 

Execution

Self 
knowledge

Manual test 
script

Test 
Scripting

Exploratory testing

triggers

triggers

Fault detection 
effectiveness

Co-maintenance

triggers

Test-code Refactoring, 
a.k.a. perfective 

maintenance

improves

tradeoff 
in cost

Test-case 
Design

Test-case 
Design

Test suite

Test suite

Triggers
(need for new 

test cases)

triggers

uses

uses

Test 
Evaluation 

Test 
Evaluation 

Need for 
Maintenance



This is the post-print of a paper that has been published with the following DOI: http://dx.doi.org/10.1002/smr.1758 
 

 

 

5

performed manually or automatically, we subsumed activity ‘test code refactoring’ under ‘test maintenance’. By 
parameterizing and initializing elements of the SD model differently for manual and automated testing, we can 
compare these two options, for example, by checking how many test cases can be executed in the same period 
of time, how much effort is consumed by each activity, and how much effort is spent on the whole test process. 

Our simulation model consists of three structural elements (or: views): Test process view, productivity view, 
and effort view.  

3.1 Test Process View 

In order to represent the software test process reference model in our SD model, we had to identify levels and 
flow rates (attached to the in- and out-flows of a level). Artifacts from the test process reference model are 
mapped to levels and activities are mapped to flows. After subsuming the refactoring step under maintenance, 
and after sub-dividing the execution step into sub-activities executing, evaluating, and reporting, we ended up 
with the following flows (as shown in Figure 2): Designing (test), Scripting, Executing, Reporting Passed and 
Evaluating/Reporting Failed (tests), as well as Maintaining/Refactoring (test cases and scripts) and Correcting. 
Test scripts that don’t need to be changed are channeled through the flow Reusing. The levels associated with 
each flow are labeled as follows: Planned Test Cases, Test Suites, Scripts, Test Results (split into Passing Tests 
and Failing Tests), Reports and Updated Test Cases.   

In SD models, the value of a level equals the sum of the input-flows subtracted by the sum of the output-flows, 
e.g. the equation defining the level ‘Scripts’ corresponds to equation (1). 

(1) Scripts = Sum(Scripting) + Sum(Reusing) + Sum(Maintaining and Refactoring) – Sum(Executing) 

Flow rates are expressed in terms of productivity (e.g., number of test cases designed per day). For instance, the 
equation of ‘Productivity of Designing’ used to calculate flow rate ‘Designing’ (cf. Fig. 3) corresponds to 
equation (2). 

(2) Productivity of Designing =  
Prod Coeff D * (((Net hour per week D - Training overhead per week per person D - Communication 
Overhead per week per person D) / Net hour per week D) * Total Person Available per Hour D) 
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Figure 2. The SD model of software testing process 

3.2 Productivity View 

The productivity rates are defined in the Productivity View. Structurally, the productivity rates are calculated 
similarly for each activity, following the model of equation (2). Figure 3 shows the graphical representation of 
equation (2) as implemented in the SD model. There are four model parameters determining the productivity 
rate of a test activity: Average Experience Level, Net hour per week, Total Person Available per Hour, and Prod 
Coeff. These parameters must be calibrated to the specific project environment for each activity (in equation 
(2), the letter ‘D’ stands for ‘Designing’). Average Experience Level and Prod Coeff (which stands for 
‘Productivity Coefficient’) must be either estimated or measured.  
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3.3 Effort View 

Each activity when executed consumes effort proportional to the number of engineers assigned to this activity. 
We distinguish between actual and nominal effort. Figure 4 shows the implementation of the effort view in our 
process simulator. For each type of test-related activity, the model calculates the effort rate by multiplying the 
amount of persons allocated to the activity with the corresponding activity rates used in the test process view 
(Figure 2). The cumulated effort rates over time yield the actual effort spent for the specific test-related activity. 
The sum of all test rates cumulated over time yields the actual Total Effort Spent. The variable Total Nominal 
Effort Spent sums up the allocated headcount per test-related activity during the reserved test time, no matter 
whether the allocated persons are idle. Thus, the nominal effort can never be less than the actual effort. 

 

Figure 4. Calculation of actual and nominal total effort 

4 Application and Benefits of the Model  

We demonstrated the applicability of our SD model in a case study with a company in Calgary [11]. In the 
following, we describe and discuss several application scenarios that can be used to assess the trade-offs 
between manual and (semi-)automatic test execution independent from a specific company context. 
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concrete values, but instead use the notion of “Base” values in our simulation scenarios.  

4.2 Simulation Scenarios 

In order to assess the impact of automating test execution we ran several simulations representing various 
degrees of test automation, varying manpower allocations, and injection of additional test-cases in selected test 
cycles. The scenarios are summarized in Table 1. Since our model was calibrated to data from an industry case 
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study for which we have signed confidentiality agreements, we cannot disclose the actual productivity 
coefficients used in the model and write Prod Coeff D / S / E / ER / MR for the various test related activities, 
Designing (D), Scripting (S), Executing (E), Evaluating and Reporting (ER), and Maintenance and Refactoring 
(MR). 

Scenarios 1-3 represent variants of the baseline case, i.e., the case of fully manual execution of all test activities. 
Scenarios 4-5 represent variants of cases with fully automated test case execution. The scenarios differ in the 
personnel allocations per test related activity and the adjustment of productivity coefficients. Based on estimates 
from our case company, the productivity coefficient related to ‘Executing’ (Prod Coeff E) is set 100 times 
higher than corresponding coefficient for manual testing. Since automated test execution requires more scripting 
work (i.e., including the code for automatically executing the scripts), the productivity coefficient for 
‘Scripting’ decreases 10 times.  

Table 1. Simulation scenarios 

         Rates 

Runs 

Prod Coeff 
D [TC/h] 

Prod Coeff 
S [TC/h] 

Prod Coeff 
E [TC/h] 

Prod Coeff 
ER [TC/h] 

Prod Coeff 
MR [TC/h] 

Scenario 1: 
Manual100 – fully manual testing 
Persons: D:1 / S:1 / E:1 / ER:1 / MR:1 

Base_D Base_S Base_E Base_ER Base_MR 

Scenario 2: 
Manual100 – fully manual testing 
Persons: D:1 / S:1 / E:2 / ER:2 / MR:1 

Base_D Base_S Base_E Base_ER Base_MR 

Scenario 3: 
Manual100 – fully manual testing 
Persons: D:1 / S:1 / E:3 / ER:3 / MR:1 

Base_D Base_S Base_E Base_ER Base_MR 

Scenario 4: 
Auto100 – fully automated test exec. 
Persons: D:1 / S:1 / E:1 / ER:1 / MR:1 

Base_D Base_S / 
10 
 

Base_E x 
100 

Base_ER Base_MR 

Scenario 5: 
Auto100 – fully automated test exec. 
Persons: D:1 / S:2 / E:1 / ER:1 / MR:1 

Base_D Base_S / 
10 
 

Base_E x 
100 

Base_ER Base_MR 

Scenario 6: 
Auto100 – fully automated test exec. 
Persons: D:1 / S:3 / E:1 / ER:2 / MR:1 

Base_D Base_S / 
10 
 

Base_E x 
100 

Base_ER Base_MR 

D: Designing / S: Scripting / E: Executing / ER: Evaluating & Reporting / MR: Maintaining & Refactoring 

4.3 Simulation Results 

Aligned to the situation in our original case company, we used the following assumptions about the project 
setup uniformly in all scenarios: 

 Use of agile development methodology with cycles of two months duration (six cycles per year). In each 
cycle, a fixed amount of time, 44 hours (approximately, one day per week), is spent on test-related 
activities.   

 In each cycle, all planned test cases are created from scratch. The number of planned test cases is 40. 
 The total number of test cases planned to be executed is fixed to 40 for all cycles.  
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 The goal is to run as many of the planned test cases as possible per cycle with as little effort 
consumption as possible.  

 

Scenario 1 

 

Scenario 2 

 

Scenario 3 

 

Effort Consumptions in Scenarios 1-3 
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Scenario 6 

  

Effort Consumptions in Scenarios 4-6 

Figure 5. Outputs from various simulation scenarios 

Figure 5 shows first the simulation results for three simulation scenarios representing fully manual testing 
(Scenarios 1-3) with gradually increased personnel allocation, as well as the associated effort consumption over 
time. In addition, Figure 5 shows the simulation results for three simulation scenarios representing fully 
automated test execution (Scenarios 4-6) with gradually increased personnel allocation, as well as the associated 
effort consumption over time.  

In Scenario 1, we assumed that for each of the test related activities ‘Designing’ (D), ‘Scripting’ (S), 
‘Executing’ (E), ‘Evaluating and Reporting’ (ER), and ‘Maintenance and Refactoring’ (MR), exactly one 
person is available. With this personal allocation, only up to 14 test cases (TCs) can be processed per 
development cycle during the 44 hours period. This is a share of 33% of the planned 40 TCs. An analysis of the 
model internals reveals that activities E and ER constitute bottlenecks (i.e., the allocated person is 100% active 
during the available cycle time and can neither execute all waiting test scripts nor evaluate all executed test 
cases). Thus, in Scenario 2, we allocated two persons instead of one for each of the activities E and ER. As a 
result, the number of processed TCs per cycle doubles to 28 (67% of all planned TCs). Another inspection of 
the model internals reveals that activities E and ER are still bottlenecks. Thus, in Scenario 3, we increased the 
personnel allocation once again by one person to three persons in each of the two bottleneck activities. This 
change yields the result we were aiming for: all planned TCs can be processed in a development cycle. The total 
actual effort consumptions for Scenarios 1 to 3 after 1000 hours of testing (in more than 22 development cycles) 
is 2202, 4258, and 6029 person-hours, respectively. That is an increase of 93% of actual effort from Scenario 1 
to Scenario 2, and an increase of 174% from Scenario 1 to 3.  

Scenario 4 uses the same personnel allocation as Scenario 1 (i.e., one person per test related activity) but instead 
of simulating a fully manual test execution activity, it simulates a fully automated test execution activity. In 
Scenario 4 we assume a considerably faster execution of TCs (by a factor of 100, as stated in Table 1) but a 
lower TC scripting rate, as more effort has to be spent on preparing the TCs for automatic execution. With the 
chosen personnel allocation, only up to 19 TCs can be processed per development cycle. An inspection of the 
model internals indicates that Scripting (S) is a bottleneck activity. The low productivity of activity S combined 
with the low amount of personnel allocated lets the amount of executable TCs increase at a comparatively slow 
rate over time. Actually, the amount of 19 processed TCs per development cycle can only be reached due to a 
certain degree of reuse of scripted TCs. Another factor that is relevant in the determination of the capacity of the 
test process is the TC maintenance effort that has to be invested. Due to the limited space, we cannot explain all 
cause-effect mechanisms of our model in full detail. In any case, to address the bottleneck observed in scenario 
4,  we increase the personnel allocation for activity S by one person in Scenario 5. This yields an increased 
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number of up to 25 TCs per development cycle. The fact that the output of TCs doesn’t increase more is partly 
due to the fact that there is still not enough manpower allocated to actually script all planned test cases, and 
partly due to the fact that the number of executed test cases cannot be evaluated at a sufficient rate. Thus, in 
Scenario 6, we increased the personnel allocation for activity Sonce more by one person, and – in addition – 
that of activity ER also by one person. Now, all planned TCs can be processed. The total actual effort 
consumptions for Scenarios 4 to 6 after 1000 hours of testing is 3042, 3698, and 4956 person-hours, 
respectively. That is a decrease of actual effort by 18% when comparing Scenario 6 to Scenario 3. 

4.4 Discussion 

We used SD modeling to simulate and compare the performance of manual versus automated testing. We 
illustrated with the help of example scenarios, how in a specific context a test performance goal can be achieved 
with appropriate personnel allocations in two process configurations, i.e., fully manual testing process and test 
process with fully automated test execution. Moreover, we have shown how our SD model can help assess the 
actual effort induced by the two test process configurations with varying personnel allocations. It turned out that 
the test performance goal could be reached with less effort, if test execution is fully automated. If the 
investment necessary to transform the test process from manual to automated test execution is put in relation 
with the effort savings, one could calculate the ROI.  

We could have conducted a similar analysis, if we had assumed other productivity factors – or if we had not 
only changed the productivity factors for activities S and E, but also those of other test activities, when 
changing parameters on the way from manual testing to automated test execution. For example, one could have 
made the assumption that the productivity of MR should decrease in the automated test execution configuration, 
as we now would not only have to maintain the test cases and scripts but also the code needed to automatically 
execute the test scripts. Furthermore, one could have analyzed a higher degree of automation, i.e., not only 
automating test activity E, but also other test activities, e.g., D and ER. 

This is in line with what Mosley and Posey mention in their book entitled “Just enough software test 
automation” [25]. Test automation is not an all or nothing decision, thus, it is important to properly decide to 
what degree specific test activities should be automated as otherwise decisions on test automation might not 
result in successful outcomes (optimized cost/benefit of testing). As we saw, our SD-based approach can help 
answer such what-to automate questions. Depending on the various parameter settings and properties of the 
project/team under study, each of the various phases of testing (D: Designing, S: Scripting, E: Executing, ER: 
Evaluating & Reporting and MR: Maintaining & Refactoring) could be either done manually or automated for 
each of the sub-systems or test cases of a SUT and our SD model would be helpful in making such a decision. 

The benefit of using SD modeling is that this modeling approach provides the means to gather all relevant 
factors and parameters in a single model representing a holistic view on the problem at hand. While the 
variables included in the model can be diverse, i.e., representing very different aspects of the testing process 
under investigation, simulation results yield results with regards to performance parameters of interest (e.g., test 
cases executed per time unit) by integrating and combining the various influences represented by the model 
variables. 

The application scenarios and their results presented in Sections 4.2 and 4.3 are meant to illustrate how the SD 
model can be applied in a software company in order to assess the performance of various degrees of 
automation. The data used in the scenarios are specific for the case company – partly derived from measurement 
data and partly expert opinion. Thus, the specific results cannot be generalized and transferred to other 
companies easily. It should also be noted that there exist standard build-in functions in all modern SD 
simulation tools that help mitigate the issue of uncertainty in the data used for model calibration. For example, it 
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is possible to run the scenarios described in Section 4.3 not with point estimates of the parameter values but 
with input distributions for each parameter [26]. 

We defined our SD model at a level of abstraction such that it can be considered experimental test bed 
containing all essential elements representing the typical steps in a testing process. The design of the SD model 
is such that it has the following properties: 

 Multi-causality: The model offers the possibility to assess the impact of various parameters not only 
individually but concurrently. In other words, it is a holistic approach which does not limit itself to 
mono-causal dependencies but facilitates the consideration of complex inter-dependencies among 
impact factors.  

 Comprehensiveness: Similarly, the SD model offers the possibility to assess the impact of various model 
parameters not only on one performance parameter (representing the ROI of test automation) but on 
several performance parameters simultaneously, thus allowing for trade-off analyses and holistic 
assessment of the ROI of test automation.  

 Flexibility: The SD model offers the possibility to combine empirical data with expert knowledge as 
well as deterministic with stochastic simulation. 

 Adaptability: The SD model can be adapted to various test levels by simple instantiation. In addition, the 
model can be customized to specific test processes and data by users unrelated to our case company. 

 Regarding modeling cost we can say that the set-up of the model structure required less than one person-
month of effort. More difficult is the calibration of the SD model. Calibration effort and success depends 
on the availability of valid data in the company to which the model shall be calibrated – and the ability 
to estimate those parameters for which measurement data is available. 

5 Conclusions and Future Work 

The goal of our research is to find better ways for assessing the ROI of test automation. The solution we are 
proposing is to use process simulation to compare various configurations of test processes. By comparing the 
performance of test processes which are fully manual, or fully automated, or consist of any technically feasible 
combination of manually and automatically conducted test activities, we try to identify that configuration that 
has the best ROI in a specific context. While our study demonstrates the applicability of our process simulation 
model, the concrete results of the simulations do have a degree of uncertainty. In order to assess the potential 
impact of uncertainty in input data on simulation results, more simulation experiments need to be conducted, in 
particular experiments that sample input data from probability distributions rather than conducting deterministic 
simulations using point estimates as input data. 

Although software testing is an intensively researched topic in software engineering, not much support is 
available to decide what test activities are worthwhile automating – and what activities are not. Full-fledged 
empirical investigations and many in-vivo experiments are required to find the best combination of manually 
conducted and automated test activities for a specific context. Since the costs for such studies are high, the idea 
of building a simulation model representing the essential test activities may be a good compromise between 
comprehensive empirical analysis on the one hand and simple expert opinion on the other hand. Simulation 
models like the one presented here have their limitations – but once in place they allow for easy evaluation of 
many different configurations of all test processes in an organization. 
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