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Abstract 

 
This paper criticizes current practice regarding the 

measurement and interpretation of the accuracy of 
software development effort estimation. The 
shortcomings we discuss are related to: 1) the meaning 
of ‘effort estimate’, 2) the meaning of ‘estimation 
accuracy’, 3) estimation of moving targets, and 4)  
assessment of the estimation process, and not only the 
discrepancy between the estimated and the actual 
effort, to evaluate estimation skill. It is possible to 
correct several of the discussed shortcomings by better 
practice. However, there are also inherent problems 
related to both laboratory and field analyses of the 
accuracy of software development effort estimation. It 
is essential that both software researchers and 
professionals are aware of these problems and their 
implications for the analysis of the measurement of 
effort estimation accuracy. 
 
1. Introduction 
 

As early as 1980, Boehm and Wolverton [1] wrote 
about the “need to develop a set of well-defined, 
agreed-on criteria for the 'goodness' of a software cost 
model; the need to evaluate existing and future models 
with respect to these criteria; and the need to 
emphasize 'constructive' models which relate their cost 
estimates to actual software phenomenology and 
project dynamics”. We here claim that there are 
essential unsolved problems related to the accuracy of 
effort estimation measurements and that some of these 
problems are not due to lack of maturity or training, 
but to inherent problems that may be impossible to 
solve. 

 
1.1 Problems with MMRE and PRED 

The typical current practice when comparing 
estimation models or evaluating the estimation 
performance of software organizations in field settings 

is to apply the accuracy measures Mean Magnitude of 
Relative Error (MMRE) and PRED or similar 
measures. MMRE and PRED seem to be have been 
introduced to the software community by Conte, 
Dunshmore and Shen in 1985 [2] and are defined as 
follows: 

MMRE = mean MRE = ∑
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, where k is the number of projects in 

a set with n projects whose MRE <= r. 
The MRE-based accuracy measures have been 

criticized by several researchers in software 
engineering, e.g., [3-5]. Several alternative measures 
have been proposed, e.g., Mean Balanced Relative 
Error (MBRE) [6], Weighted Mean of Quartiles of 
relative errors (WMQ) [7] and Mean Variation from 
Estimate (MVFE) [8]. Especially illuminating of the 
problems related to an interpretation of MMRE and 
PRED as accuracy measures is the paper by 
Kitchenham et al. [4]. That paper proposes that 
MMRE and PRED should not be interpreted as 
accuracy measures at all, but instead spread and the 
kurtosis of the distribution of the estimation accuracy 
variable z, where z=estimated effort/actual effort. 

Conte, Dunshmore and Shen [2] refer to the 
accuracy measure as mean MRE (MMRE). This is 
surprising, given that MAPE (Mean Absolute 
Percentage Error) and MARE (Mean Absolute 
Relative Error) are the common terms for the same 
accuracy measure in most other disciplines involving 
quantitative forecasting. We are not aware of any other 
community that applies the term MMRE for this 
accuracy measure. This choice of non-standard 
terminology is unfortunate. It may have contributed to 
a surprising lack of references in software engineering 
papers on how to measure and analyze effort 
estimation accuracy to the large amount of relevant 
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forecasting, prediction and estimation research papers 
outside the software engineering community in [9]. 

Conte, Dunshmore and Shen are also frequently 
referred to as sources for the claim that effort 
estimation models should have a MMRE <= 0.2 and a 
PRED(0.25) >= 0.75. We examined their paper on this 
topic [2] and found no reference to studies or 
argumentation providing evidence for these values. 
Instead we found undocumented claims such as these: 
“Most researchers have concluded that an acceptable 
criterion for an effort prediction model is PRED(0.25) 
>= 0.75”. Many researchers have applied these 
arbitrarily set criterion values to evaluate estimation 
accuracy of estimation models. We believe that this 
has reduced the quality of their studies and should be 
avoided in future studies. The acceptable accuracy of a 
specific model of processes of judgment depends on 
many factors, e.g., the accuracy of alternative ways of 
providing effort estimates in a particular context. 

Although there are strong limitations in the 
accuracy measures themselves, as illustrated by 
previous papers and our own discussion of MMRE and 
PRED, it is our opinion that the most severe problems 
are more basic and, to a large extent, not mentioned in 
textbooks and papers on software effort estimation. 
Such problems include those related to what we mean 
by ‘effort estimate’ and ‘more accurate than’, the effect 
of issues of system dynamics on the meaningfulness of 
accuracy measurement, and problems related to the 
outcome-focus of the measurement, i.e., the fact that 
we are only evaluating the outcome of an estimation 
process and not the estimation process itself. Neglect 
of these topics by the software engineering research 
community and the software industry motivate this 
paper. 
 
2. What is an ‘effort estimate’? 
 

To date, the software development community does 
not have a precise, agreed upon definition of its most 
central term, ‘effort estimate’ [10]. The term ‘effort 
estimate’ is sometimes used to mean “planned effort”, 
sometimes the “budgeted effort”, sometimes the “most 
likely use of effort” (modal value), and sometimes the 
“the effort with a 50% probability of not exceeding” 
(median value). Sometimes it is not even possible to 
identify an unambiguous meaning. This confusion may 
be worst in judgment-based effort estimation (expert 
estimation), where we have observed that software 
professionals frequently communicate their effort 
estimates without stating, or sometimes even being 
aware of, which interpretation they have used. One 
consequence of the lack of clear definitions of the term 

‘effort estimate’ is that surveys on the accuracy of 
software development effort estimation are inherently 
difficult to interpret; see [11] for an overview. While a 
30% effort overrun is likely to result in significant 
problems of management when the effort estimate was 
meant to be the planned or budgeted effort, such 
problems might not arise if it was meant to be the most 
likely use of effort and the manager added sufficiently 
large contingency buffers. We seriously doubt the 
usefulness of surveys where the core concept under 
investigation, i.e., ‘effort estimate’, is not precisely 
defined, inconsistently interpreted, and where there is 
no information about the degree to which 
interpretation is inconsistent among the respondents. 
Unfortunately, this may be the case in most surveys, 
including our own. 

Even in highly controlled situations, e.g., when 
comparing the estimates of estimation models in 
laboratory settings, it is frequently not clear what is 
meant by an effort estimate. For example, it is not clear 
that the effort estimates derived from analogy-based 
effort estimation models are of the same type as those 
derived from regression-based effort estimation 
models. They have different “loss functions” 
(optimization functions) and one type of model may, 
for example, systematically provide higher estimates 
than others. As a result, an assessment that one 
estimation model performs better than another may be 
to the consequence of different interpretations of 
‘effort estimate’1. However, problems related to the 
interpretation of the term ‘effort estimate’ are less 
severe with estimation models than with the more 
intuition-based expert judgment models because their 
estimation processes are more explicit.  

A reasonable precise interpretation of the term 
‘effort estimate’ is an obvious prerequisite for 
meaningful measures of estimation accuracy. Without 
this, it will frequently be difficult to determine whether 
differences or trends in estimation accuracy result from 
differences or trends in estimation performance or 

                                                           
1 Assume, for example, a comparison between analogy and 
regression-based effort estimation models. The regression-model, 
due to the least square optimization, will tend to emphasize the 
historical projects that spent unusually much or little effort compared 
with the other projects. By contrast, an analogy-based model may 
assign the same weight to all similar projects when calculating the 
effort estimate. If the high-impact projects in the data set used for the 
regression-based estimation models tend to be the projects with 
unusually high usage of effort, as is frequently the case in software 
development, the consequence is that the estimates of the regression-
based model tend to be higher than those of the analogy-based 
models. The MRE measures punish over-estimation more than under-
estimation. This may mean that the difference in the type of estimates 
may give the regression model a slight advantage over analogy-based 
models when applying MRE-based measures. 
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from different interpretations of ‘effort estimate’. As 
an illustration, estimations of agile projects tend to be 
based on “how much work can we put into an 
increment?” rather than the “how much effort will a 
project require?” of more traditional projects. This 
means that effort estimates probably play a different 
role and, possibly, have a different interpretation in 
agile projects. Thus, comparing estimation accuracy of 
agile projects with those of traditional projects may be 
misleading. 

 
3. A moving target 
 

Software development effort estimation is different 
from many other types of forecasting, e.g., weather or 
stock price forecasting. While, for example, a weather 
forecast has no impact on the actual weather and there 
is typically little doubt what the forecast refers to, the 
same is not the case in software development projects. 
In software development projects the target (the 
required software product) is typically not well-
defined, the requirements may change during the 
project’s life-time, and, the estimate itself may impact 
the process of reaching the target [12]  

As an illustration of the implications for the 
measurement of estimation accuracy, assume that a 
software provider’s estimate of a project is 1000 work-
hours and that the price is based on that estimate. Once 
the project has begun, it soon becomes evident that the 
estimate of 1000 work-hours was far too low. Hence, 
the provider either has to face the prospect of huge 
financial losses or act opportunistically2 to avoid 
losses. If the provider acts opportunistically, he might 
spend less effort on maintainability, usability and 
robustness properties of the software. As a 
consequence, the measured estimation accuracy will 

                                                           
2 Opportunistic behaviour (sometimes termed “moral hazard”) is a 
term commonly used in economics. It occurs in software 
development projects when the provider takes advantage of his 
superior knowledge about the development processes and software 
product properties to deliver a product of lower quality than is 
expected by the client. This would occur, for example, if a provider 
delivers software products with problems regarding quality that are 
not likely to be discovered by the client. The likelihood of 
opportunistic behaviour increases as the following increase: the 
degree of information asymmetry between the client and the 
provider, incentives to deviate from acting in accordance with the 
clients’ goals, and clients’ lack of ability to specify and monitor the 
development process and product. There are controversies regarding 
to what degree and when opportunistic behaviour will be neutralized 
by so-called “altruistic behaviour” (the opposite of egoistic 
behaviour) and “work ethics”, but there is no doubt that this 
phenomenon occurs frequently in both software development and 
other disciplines. 
 

improve, due to the provider’s ability and willingness 
to adjust the work to fit the initial estimate. 
Consequently, it is not clear to what extent the 
measured estimation accuracy measures properties of 
the estimate or the project’s ability to fit the work to 
the estimate.  

The system dynamics of software effort estimation 
is also important for understanding why it does not 
necessarily help to ‘add 30% to every effort estimate’ 
to remove the bias towards optimism in effort 
estimation. For example, if a project leader knows that 
30% will be added, he may: i) remove 30% from his 
estimate in advance to get the effort estimate he 
believes in, or ii) adjust the delivered product to be 
larger or better. The latter is frequently possible 
because the effort estimate to some extent defines, as 
well as reflects, the requirement specifications. 
Rewarding accurate effort estimates does not work 
well for similar reasons. For example, we know one 
company that rewarded those project leaders who had 
the most accurate effort estimates. The immediate 
effect was that effort estimates increased and 
productivity fell. The reason was simply that the 
project leaders discovered that a simple strategy, 
rational for them but not necessarily for the company, 
to achieve accurate effort estimates was to provide 
higher effort estimates and spend any remaining effort 
on improving the product (‘gold-plating’). 

In [13] we suggest several methods for measuring 
estimation accuracy when the target is moving. 
Unfortunately, it seems that several of the problems 
involved are inherent and not easy to adjust for. The 
methods, such as adjusting effort for differences 
between the specified and actual product, may alleviate 
problems, but are seldom able to eliminate them 
completely.  

The problems with the measurement of the accuracy 
of software estimation that result from the target’s 
moving constantly apply mainly in field settings. In 
laboratory settings, the estimation models are 
developed from historical data about the completed 
products and the estimates are derived from those 
models. In that case, the actual products are used to 
both develop the model and to evaluate the accuracy of 
the estimates; hence, there is no moving target 
problem. However, as soon as we apply and evaluate 
the models in real-life settings, the problems with 
respect to measuring estimation accuracy that are 
induced by the fact that the target may move begin to 
appear. These problems may strongly restrict the 
relation of measures of estimation accuracy to 
properties of the estimates, as opposed to the 
development process, regardless of the type of 
accuracy measure chosen. 
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4. What is the meaning of ‘more accurate 
than’? 
 

Preferably, a measure of estimation accuracy should 
reflect its users’ intuitive understanding of important 
relationships that pertain to accuracy, such as the 
relationship ‘more accurate than’. Otherwise, it may be 
difficult to find the measure meaningful and to 
communicate the results. If, for example, most people 
would agree that the effort estimate X is more accurate 
than the effort estimate Y, but our accuracy measure 
tells us the opposite, there may be problems related to 
communication and willingness to adopt the accuracy 
measure. 

From discussion with software professionals, we 
have found that their understanding of ‘more accurate 
than’ deviates substantially from that implied by 
common accuracy measures. The main reason for this 
is related to the systems dynamics of software 
development, i.e., the types of reason discussed in 
Section 3. For example, we have encountered the 
opinion from a project manager who overestimated a 
project by 20% that his effort estimate was much more 
accurate than that of a project that was underestimated 
by 20%. The reason for the project manager’s holding 
that his estimate was the more accurate is that he knew 
perfectly well how easily he could have expended 
exactly as much effort as was estimated, while this 
option was not available for the project that was 
underestimated. It is evident that software 
professionals do not necessarily have a strictly 
quantitative interpretation of ‘more accurate than’. 

The lack of a precise and commonly accepted 
understanding of what we mean by ‘more accurate 
than’ may have been a major reason for the acceptance 
of measures like the MMRE. As an illustration, when 
we accept that MMRE is a meaningful measure for 
comparing the estimation accuracy of different 
estimation methods, we implicitly accept that an effort 
estimate where the actual effort is 300% of the 
estimate (MRE = 0.67) is more accurate than an effort 
estimate where the actual effort is 59% of the estimate 
(MRE = 0.69). This entails, for example, that if we 
estimate the effort to be 1000 work-hours and it turns 
out to be 3000 work-hours, an acceptance of the 
MMRE measure means that we should agree that we 
have estimated more accurately than if the actual effort 
turns out to be 590 work-hours. However, the opposite 
would probably be the case in practice, we believe. 

Other accuracy measures corresponding better to 
common interpretations of “more accuracy than” and 
other accuracy relations will hardly ever solve this 

problem. Even if researchers managed to agree on an 
‘empirical relational system’, i.e., a set of relations and 
definition sufficiently precise for the purpose of 
estimation accuracy measurement, it is not reasonable 
to assume that the software industry will share this 
‘empirical relational system’. The software industry’s 
loss functions and measurement goals vary a lot, 
depending on such factors as application domain, 
person roles, and type of client and project.  

We recommend that the estimation accuracy 
measures be tailored to the situation at hand and, even 
more importantly, based on a clear understanding of 
the purpose of the measurement. This may, in several 
particular situations, lead to precise and meaningful 
interpretations of relationships that pertain to accuracy, 
such as ‘more accurate than’. Assume, for example, 
that an organization wants to monitor the proportion of 
projects that have large estimation overruns to 
determine whether this proportion increases or 
decreases over time. The organization must then define 
precisely what it means by ‘large estimation overrun’. 
They may decide that, for their measurement purposes, 
situations with ‘large estimation overruns’ can 
meaningfully be defined as situations in which the 
actual effort is more than 30% and more than 500 
work-hours higher than the estimated effort, after 
adjusting the actual effort for differences between 
planned and actually delivered functionality and 
quality. By taking these steps, the organization 
introduces an ordinal scale of estimation overrun 
measurement, where estimates are categorized and 
ordered into the categories ‘no large effort overrun’ 
and ‘large effort overrun’. 

If the purpose of the measurement is not only to 
monitor, but to understand the reasons behind, 
estimation overruns, several other steps have to be 
taken, e.g., the steps suggested in [13]. Otherwise, it 
will not be possible to determine whether a decrease in 
estimation accuracy within a company is a result of 
increased estimation skill, change in interpretation of 
‘effort estimate’, less complex projects, or better 
project management. 

 
 
5. Focus on the outcome of accuracy 
measurement 
 

The two main strategies when evaluating the 
accuracy of judgments are: i) determining coherence 
with a normative process (the coherence-based 
strategy) and ii) determining correspondence with the 
real world (the correspondence-based strategy) [14]. 
While many studies on human judgment are based on 
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coherence with a normative strategy, software 
development effort estimation accuracy evaluations 
are, as far as we know, based solely on correspondence 
with the actual effort. A possible reason for this strong 
reliance on correspondence is that it is frequently not 
obvious what a normative effort estimation process 
should look like. However, the disadvantage of this 
reliance on correspondence is that an effort estimate 
may be accurate for the wrong reasons. 

We are currently analyzing the judgmental 
processes of 28 software professionals who estimate 
the effort of software projects and maintenance tasks 
(work-in-progress). Frequently, we observed, the effort 
estimation strategies deviated from what we consider 
to be normative responses, e.g., the response that best 
reflects the historical data. Sometimes, however, the 
less defensible estimates were more accurate than 
those based on normative estimation strategies. Figure 
1 displays one such situation.  
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Figure 1: Estimation of programming productivity  
 

In Figure 1, PCl1 denotes the productivity of the 
closest analogy (the project most similar to the one to 
be estimated), while MPJava denotes the mean 
productivity of all previous tasks of same type (five 
Java tasks). In this estimation situation, the only 
information about the new task was its estimated size 
and development platform. This was introduced to 
force the software professionals to base their estimates 
on the historical data, so that we could analyze their 
use of these data.  

It is evident from Figure 1 that most software 
professionals estimated effort values that implied a 
productivity of the estimated task close to PCl1, 
MPJava or a combination of these two values. 
However, there were a few estimates of more than 
2000 LOC/man-month. These estimates were difficult 
to defend on the basis of the historical data received by 
the software developers. These non-normative 
estimates may have been caused by: i) calculation 

error, ii) assumption of organizational learning (not 
supported by the data), or iii) assumption of much 
higher productivity of smaller tasks (not supported by 
the data). 

The actual productivity of the task was 2333 
LOC/man-month. Hence, those who followed the 
seemingly least normative estimation strategies had the 
least discrepancy between estimated and actual effort. 
This illustrates that if we want to use estimation 
accuracy as a measure of estimation skill, or predict 
the future estimation accuracy of a software developer, 
a strong reliance on outcome without considering the 
normativeness of the estimation strategy may lead to 
poor interpretations. 

In order to improve the interpretation of estimation 
accuracy measurement, we recommend that the 
normativeness of the estimation strategy should be 
evaluated. Elements of an evaluation of the 
normativeness of an estimation process should include: 
• Including variables that historically have affected 

the use of effort. 
• Excluding variables that have had no or very 

limited impact on the effort. 
• Basing the evaluation on a defensible strategy, 

e.g., similarity to other projects. 
• Regressing towards the mean effort or 

productivity of a larger group of similar tasks with 
higher uncertainty levels. 

• Not assuming substantial learning from 
experience, i.e., better performance than on 
previous projects, unless a strong argument for 
this is provided. 

We acknowledge that it is typically very difficult to 
evaluate the degree of normativeness of judgment-
based estimation strategies. There may, for example, 
be an essential difference between a software 
professional’s claim that he has not been affected by 
irrelevant variables and the actual effect [15]. 
 
6. Final reflections 
 

Common measures of the accuracy of software 
development effort have, we believe, shortcomings 
that have a severe impact on their communication, 
interpretation and meaningful use. Several of these 
shortcomings have, as far as we are aware, received 
little attention from the software development 
communities. We believe that researchers and 
organizations that apply these effort estimation 
accuracy measures will benefit from greater awareness 
of these shortcomings.  

We also believe that a necessary precondition for 
the sustainable improvement of effort estimation is that 
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the evaluation of judgmental strategies and formal 
estimation models has a solid foundation. We find that 
this is currently not the case, and that there is a strong 
need for more mature analyses and studies on this 
topic. If we are not able to evaluate and compare 
estimation models and processes properly, any 
measure of change may be a result of shortcomings 
with respect to how we measure, rather than an actual 
change in estimation performance. 
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Abstract 

 
Software process modeling has become an 

important technique for managing software 
development processes. However, purely quantitative 
process modeling requires very accurate measurement 
of the software process attributes, which in turn relies 
on accurate historical data. This paper presents a 
semi-quantitative (SemiQ) modeling approach. It 
allows the software process to be modeled even when 
there is the uncertainty about the values of software 
process attributes. We demonstrate its value and 
flexibility by developing SemiQ models of the test-and-
fix process of incremental software development.  
 
1. Introduction 
 

Software process modeling has become an 
important technique for managing the software 
development processes. However, purely quantitative 
process modeling requires very accurate measurement 
of the software process attributes, which in turn relies 
on accurate historical data. 

In contrast, Semi-Quantitative (SemiQ) modeling 
and simulation allows the software process to be 
modeled when there is uncertainty about the actual 
values of software process attributes. We introduced 
this approach in a previous study [1]. In this paper, we 
demonstrate how an incremental development process 
model can be developed using SemiQ modeling, and 
present the simulation results. 
 
2. Background and approach 
 
2.1. Software process modeling 

 
Osterweil identified two complementary types of 

software process research [2], which can be 
characterized as macro-process research, focused on 

phenomenological observations of external behaviors 
of processes, and micro-process research, focused on 
the study of the internal details and workings of 
processes. At macro-process level, a process model is 
composed of a set of equations whose variables 
describe a process. The input variables deal with the 
observable and manageable aspects of the process. 

In this paper, we model software processes semi-
quantitatively by identifying the inherent cause-effects 
in process. Currently we restrict ourselves to macro-
process level.  
 
2.2. Incremental development processes 
 

Incremental development is a broad term of 
development process, covering iterative development, 
versioned implementation, etc. The basic idea is to 
divide the system into smaller subsystems, which are 
gradually integrated to become the full system [3]. 

Basically, there are three phases in one increment: 
analysis, implementation, and testing. In this article, 
we model the implementation and test-and-fix 
processes of an intermediate increment. After a release 
is implemented, there is a test-and-fix process, where 
the release is thoroughly tested and corrected. During 
this period, no new functionality is added. The testing 
process aims to ensure that each release provides a 
robust foundation for subsequent releases. 
 
2.3. SemiQ modeling and simulation 
 

Semi-quantitative modeling is implemented in two 
stages: first the system is model qualitatively, and then 
the quantitative constraints are placed on the model. 
Figure 1 shows how a system described by single QDE 
(qualitative differential equation) enables semi-
quantitative modeling and simulation. 
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Figure 1. Semi-quantitative modeling and simulation 

Qualitative models reflect the systems in the real 
world at an abstract level. Fewer assumptions are 
required than for quantitative models. Qualitative 
models can be further used for process simulation by 
the QSIM [4]. The output generated is a set of possible 
qualitative behaviors and each behavior consists of a 
sequence of states that describe open temporal 
intervals or time points [5]. These states present the 
system behavior from its initial state to final point. 
Time is treated as a qualitative variable in the model. 
The qualitative landmarks are created when necessary, 
they indicate critical points of the model parameters. 

Quantitative constraints use bounding intervals to 
represent partial quantitative knowledge. Q2 is the 
semi-quantitative extension to QSIM. Given 
quantitative interval bounds on the values of some 
landmarks and envelope functions, Q2 defines a 
constraint-satisfaction problem (CSP). A solution to 
CSP is an assignment of a value range to each 
landmark consistent with the constraints. This reduces 
the number of valid behaviors since a contradiction 
refutes any inconsistent qualitative behavior and all its 
associated behaviors [5]. 
 
3. SemiQ modeling for test-and-fix process 
of incremental development 
 

The primary purpose of test-and-fix process model 
is to examine whether the increment can be completed 
in the desired time period with the required quality. 
This section presents the qualitative modeling and 
semi-quantitative constraints for this process. 
 
3.1. Related models 
 

Some previous researchers have investigated the 
software testing process using quantitative models.  

Abdel-Hamid and Madnick (AHM) modeled the 
basic software testing process, which is a part of their 
integrated software process model, using System 
Dynamics [6]. However, their model is based on the 
waterfall testing process, rather than the incremental 
testing. There is only one explicit type of error, namely 
“Error” in the model. They did not differentiate the 
newly generated errors and the undetected errors from 
the previous increments. Furthermore, their model 
neglects the switchover phenomenon of error fixing 
productivity.  

Huff et al. developed an alternative causal model 
for the test-and-fix process of incremental 
development [7]. They quantified the system using 
quantitative equations. Nevertheless, their models did 
not identify the propagation of remaining active errors 
in succeeding increments. 

Tvedt developed a comprehensive process model of 
concurrent incremental development [8]. He 
considered the impact on defect creation of the 
engineer’s capability, technical risk, and inter-
dependency among the concurrent increments, which 
we do not model. However, active and passive errors 
were not explicitly handled in his model. 
 
3.2. Qualitative modeling 
 

The qualitative models consist of two interlinked 
models, which are developed to model the 
implementation (error generation) process and test-
and-fix (error detection and correction) process for 
producing an intermediate release. 

At the qualitative modeling stage, we investigate 
the incremental development processes, and abstract 
error-related features in qualitative form from them. 
 
3.2.1. Modeling implementation process. One widely 
used linear model for software implementation is 
employed as the basic skeleton of this model, i.e. given 
workforce (WF), release size (S), and unit productivity 
(PD), the elapsed calendar days to complete the release 
can be calculated by S/(WF*PD). However, because 
we are interested in the processes related to error 
generating and testing during each increment, more 
features related to error generation need to be included 
in this model. In addition, the management overheads 
[9] (including communications, adaptation, staff 
absence, configuration management, and so on) need 
to be considered when calculating the elapsed time. 

During the implementation, there are two basic 
types of errors generated: active errors and passive 
errors. An undetected “active error” may propagate 

SPACE 2007 - 25 -



 

more active or passive errors in its succeeding 
increments until it is fixed or retired. The undetected 
“passive errors” remain dormant until they are fixed. 

We concentrate on the active and passive errors in 
the implementation process because they will affect the 
total number of errors introduced to test-and-fix. If the 
system is developed with incremental top-down 
strategy [3], then in the early releases, most of the 
errors committed are in the core or high level 
components and become active. If these errors are not 
detected, they tend to propagate through the 
succeeding increments that build on one another. 

Therefore, the errors generated through each 
implementation in the model come in two ways. The 
first is through the development of the incremental 
code for each release; the second is through the 
propagation of active errors. 

However, for many undetected active errors, the 
propagation will not continue after producing one or 
two “generations” of errors [6]. In this case, they 
effectively become undetected passive errors. 

The qualitative assumptions for modeling the 
implementation process are explicitly given as below: 
1. All resources are focused on one increment, i.e. 

increments are linked sequentially, and there are no 
concurrent increments at any time. 

2. The size of current release (S) does not change 
during current increment. 

3. Current release size includes the necessary effort 
for. design, coding, unit testing and rework except 
test-and-fix effort. 

4. Active errors (EAO) from previous releases will 
propagate active and passive errors (EARp and EPRp) 
in the current implementation. 

5. Increasing software development rate (RSD) 
increases both active and passive error generation 
rate (REAG and REPG). 

6. Increasing the team size (WF) leads to a larger 
implementation overheads (ROh). 

7. The average development productivity (PDIm) does 
not change during current implementation. 

8. A fraction of remaining active errors (EARt) are 
retired to become a faction of the passive errors 
(EPO) in each intermediate release. 
Based on the above qualitative assumptions, the 

qualitative model for implementation is given in Figure 
2, where an asterisk denotes an input parameter, and an 
apostrophe indicates an output parameter. 

Figure 2. Qualitative implementation process model 

3.2.2. Modeling test-and-fix process. The objective 
of test-and-fix process is to achieve an “acceptable 
level of quality”, meaning that a certain percentage of 
errors will remain unidentified upon release of the 
software [10]. In incremental development, a small 
percentage of errors may fail to be detected in the 
current release, and remain in the next increment. 

In test-and-fix process, a specific test suite is run 
and analyzed, detected errors are reported, assigned, 
and eventually fixed. In practice, the test cases are 
usually run by a standalone team to avoid any potential 
bias. The work of correcting errors mostly falls back to 
the implementation team. 

The test suite contains multiple test cases, which are 
prepared prior to testing. We assume that the black-
box testing strategy is applied in this process. The time 
spent detecting errors depends on the size of test suite 
(or the number of test cases in queue) for the current 
release. Besides, the time spent on correcting errors 
depends on the number of detected errors. 

Huff et al. argued that the error clearing rate 
(productivity) slows as average error queue size drops 
below a certain number [7]. Such switchover normally 
happens near the end of error fixing work, when there 
are only a small number of errors in queue for 
developers. One multiplier is proposed here to reflect 
the productivity drop. 
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The qualitative assumptions for modeling the test-
and-fix process are summarized as: 
1. Test suite (Ts) is prepared before test-and-fix starts, 

and does not change during the process. 
2. Errors (active and passive, old and new) are 

uniformly distributed across the test suite for 
current release. In the other words, given the 
implementation and test suite, completing more test 
cases results in more errors being detected. 

3. Errors generated in current release (EAN and EPN) 
have a higher probability of being detected by a test 
case than the old errors (EAO and EPO) remaining 
from previous releases. 

4. The nominal average effort required to correct 
errors does not change during the process. 

5. The team clearing errors is the same team 
developing current release (WF). 

6. Increasing the team size leads to a larger test-and-
fix overheads (RTOh). 

7. All detected errors in current release (EF) are 
cleared before next release. 

8. There is no new error generated (bad fix) during 
error correction. 

9. The error fixing rate decreases after the switchover 
point, which is represented by a decreased value of 
the multiplier (mf). 

+

*

Figure 3. Qualitative test-and-fix process model 

We pay more attention on the “new” and “old” 
errors in test-and-fix process model (Figure 3), because 

they are associated with different probability of 
detection and effort to clear which further influences 
the performance of test-and-fix process. 

The model can have multiple exits when performing 
reasoning. This process is not completed until all 
detected errors are fixed, or a required percentage of 
test cases are passed within desired period, and so on. 
These two models are connected iteratively to model 
the whole process. Two QDEs have to be coded to 
represent the above qualitative models. This formal 
representation is required for the further simulation of 
the qualitative models. 

 
3.3 Quantitative Constraints 
 

Using quantitative constraint, the qualitative model 
can be quantified by partially quantitative equations, 
which include intervals and envelope functions that are 
the representations of incomplete quantitative 
knowledge and uncertain scenarios. 

Envelope functions. Monotonic functions (M+ and 
M-) may be restricted to take on values within an 
envelope defined by upper and lower edges. The edges 
are defined by a quantitative function (linear or 
nonlinear) and its inverse function [5]. A pair of values 
satisfies the constraints if the intervals associated with 
its landmarks fall within the envelope. 

Parameter intervals. Units and unit conversion are 
not addressed in the qualitative model because the 
landmark values are symbolic names for unknown real 
values that are assumed to have appropriate and 
compatible units. However, the units must be explicitly 
denoted in quantitative constraints due to some 
numeric interval involved. The interval span mainly 
depends on the completeness, consistency, and 
certainty of knowledge or empirical data. It could be 
narrow for a software process expert in a mature 
organization, or conversely, broad for the novices in an 
ad hoc project. 
 
3.3.1. Quantifying implementation process. As 
shown in Figure 2, there are six monotonic functions 
in the implementation model. Thus, we have to specify 
the envelope functions for them separately. 

To simplify the discussion based on the above-
mentioned assumptions, we assume the linear 
relationships between software development rate and 
error generation rate, between escaping active errors 
and retired errors, and between old active errors and 
propagated errors (indicated by dashed line in Figure 
2). Therefore, some auxiliary parameters need to be 
introduced to specify quantitative constraints: error 
densities (EDAt and EDPt) in Portion 1, error retirement 
rate (RERt) in Portion 2, and error propagation rates 
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(REAR and REPR) in Portion 3 (Figure 4). A discussion 
of the relation between team size (WF) and overheads 
(ROh) can be found in [1]. 

Figure 4. Refinement of portions of implementation model 

Based on the above assumptions, the envelope 
functions for these monotonic constraints can be 
converted to the assignment of value ranges. For a ten-
increment project, with reference to [6], the retirement 
rate can be quantified by the value ranges in Table 1. 

Table 1. Value ranges for active error retirement rate 
Increment 1,2,3 4,5,6 7,8 9 10 
RERt [0, 0] [.05, .1] [.1, .3] [.4, .8] [.9, 1]  

 
3.3.2. Quantifying test-and-fix process. In qualitative 
test-and-fix model (Figure 3), four types of errors, the 
combinations of new-old and active-passive error 
types, are modeled individually. The new errors and 
old errors are associated with different hitting rates 
(i.e. probability of detecting an error). 
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Figure 5. Refinement of portion of test-and-fix model 

The error detection rate may change across the test 
cases. Its value depends on the applied testing strategy, 
the design of the test case, and the portfolio of test 
suite. In the SemiQ model, we assume the hitting rates 
do not change across the testing cases. Thus, we use 
two hitting rates (hn>ho) and the corresponding error 
detection rates (Figure 5). Their value ranges can be 
based on historical records, such as [.85, 1.0] (hn) and 
[0, .1] (ho) of the nominal detection rate. 

The estimate of multiplier (mf) depends on the time 
period when the average size of a developer’s error 
queue falls below a specified value. Huff et al. 

reported the switchover normally happens when the 
number of detected errors to be fixed drops to [2, 3] 
times of the team size, he further reasoned that a 
developer spends one quarter time waiting for an error 
to arrive, and three quarters handling a single error in 
queue [7]. However, this value is difficult to observe 
and measure directly. It seems more reasonable to set 
the value in a range, say [.7, .8], in general context. 
 
4. Simulation with SemiQ model 
 
4.1 Qualitative Simulation 
 

Given the qualitative assumptions and QDE models, 
no specific numeric values are needed to perform 
qualitative simulation. We can simulate one 
intermediate increment by assuming the volume of 
escaped active and passive errors (EAES, EPES) from 
previous releases qualitatively. The simulation 
generates 1762 possible qualitative behaviors for this 
intermediate increment. Figure 6 shows four variables’ 
state changes of one behavior in terms of time. 

 
Figure 6. Behavior 750 of Qualitative Simulation 

Most of the qualitative behaviors observed by 
simulation represent the complicated relationships in 
the variable space, including EAEs vs. EAN, EPEs vs. EPN, 
EEs (EAEs + EPEs) vs. TS, RFX vs. RTc, etc. For example, 
the value of EAEs can be increased due to a low active 
error retirement rate RERt and a high active error 
generating rate (REA) or a high active error propagation 
rate (REAR), and vice versa. In addition, we observed a 
small number of behaviors consistent with some 
extreme situations, which can be ignored. 
 
4.2 Semi-Quantitative Simulation 
 

The SemiQ model simulates all possible behaviors 
of a specific system with incomplete quantitative 
knowledge. Hence, it cannot be fully evaluated by 
particular sets of quantitative data. In this section, we 
employ our SemiQ model to simulate one incremental 
development project, which was used as case study of 
Tvedt’s comprehensive quantitative (System 
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Dynamics) model [8]. Furthermore, we conduct a brief 
comparison between the model outputs. 

Table 2. Characteristics of the baseline project 
Attributes Values
Project size 90,667Loc
  Increment 1 26,667Loc
  Increment 2 32,000Loc
  Increment 3 32,000Loc
Project schedule 250days
Project team size 15 engineers
Estimated budget 3750 man-days

Tvedt’s model used the project shown in Table 2. 
The variables in test-fix process are also affected by 
auxiliary factors from other related sectors, such as 
human resource sector. SemiQ model treats different 
types of defects separately, and gains more insight into 
error propagation across increments and allows some 
ignorance of the impacts from other sectors. 

 
Figure 7. One behavior tree of test-fix process 

Figure 7 shows one behavior tree produced by 
simulation for Increment 2. The number of possible 
behaviors is much less than for the qualitative model. 
Each dot point indicates one critical time point during 
the process. The transition points (TP) are denoted by 
landmarks “Φ”. For instance, the first TP of each 
behavior (branch) means that the start of testing, the 
second indicates the switchover point; and the process 
ends at the last point. 

Table 3. Simulation results and comparison 
 EN EEs Density 
Increment 1 [480, 533] [0, 84] <3.1KLoc
Increment 2 [576, 716] [0, 183] <2.8KLoc
Increment 3 [576, 801] [0, 351] <3.9KLoc
Tvedt’s model  279 3.5/KLoc

In contrast, Tvedt’s model simulated concurrent 
development between increments. Thus, it is not 
necessary to compare the elapsed times. We present 
only their quality features for the brief comparison in 
Table 3. Our model estimates the project can produce 
the software product with no more than 351 defects, 
which is consistent with the simulation result generated 
from Tvedt’s model. 

The quantitative constraints that were applied in our 
SemiQ model are mostly defined based on literature and 
experience data, which are not calibrated with the 
baseline project. The information of baseline project is 
only used to specify the initial state and control the 

simulation. The outputs prove that this approach can 
produce reasonable ranges as prediction under the 
circumstance with uncertainty and contingency. 
 
5. Conclusions 
 

This paper reports a study of modeling incremental 
development focusing on test-and-fix process, and 
proposes the process modeling by using SemiQ 
approach, a powerful supplementary technique to 
quantitative modeling which handles incomplete 
knowledge and uncertainty effectively. 

Our future research includes the aspects as below: 
1. Extending the SemiQ process model by including 

more factors, e.g. bad-fixing, test suite regression, 
and increment dependency. 

2. Investigating the SemiQ process modeling at 
micro-process level. 
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Abstract 
 

Analogy-based estimation seems be a very promising 
estimation methods. A large Norwegian IT consulting 
company is going to use analogy-based method for 
further effort estimation. Thus, a historical project 
database must be built. Several issues have come up when 
discussing the feasibility of building such a project 
database. One challenging issue is which projects should 
be involved in the database and how to classify these 
projects? Another issue is which project features should 
be measured and how to use these features for further 
analogy-based effort estimation. The position paper 
investigates these issues and proposes solutions for 
discussions.  
 
1. Introduction 
 

  There are several formal methods that have been 
proposed to support software effort estimation, and most 
methods rely on the same assumption: Similar projects 
are likely to have similar cost characteristics. Among 
these methods, two of the most commonly applied effort 
estimation methods are analogy-based [31] and 
regression-based [17]. Analogy-based effort estimation is 
similar to expert judgment in that it relies on a 
comparison and adjustment between previous completed 
projects and the new project. The similarity between each 
historical project and the target project is usually 
expressed as a distance measurement [31].  

Although it is still inconclusive whether analogy-based 
estimation outperforms regression techniques with respect 
to the estimation accuracy [22], the analogy-based 
estimation outperforms other methods by its transparency 
(as opposed to, for example, black-box approaches) [5] 
and is likely to be accepted by practitioners [24].  

One large Norwegian software consulting company is 
going to implement the analogy-based effort estimation 
internally. However, several issues have been observed, 
and need to be addressed by researchers and practitioners. 
 
2. Company Background 
 

The company is a large Nordic IT company. It has 
around 4000 employees. The application domains of their 

software and IT solutions include bank and finance, 
telecom, retail, and industry. The company is under way 
to improve its effort estimation practices. Analogy-based 
estimation is selected as the most promising method for 
further elaboration. 

 
3. Analogy-based Estimation 
 

When estimating a new project, the analogy-based 
method consists of several steps. First, measure the 
observable features of the new project at the time of 
estimation. Then identify projects with similar feature 
values from a historical project database. Finally, 
determine the new estimate using the known costs of 
chosen historical projects.  More precisely, a project p is 
described by a list of features <e, d1,…dl>, where d1,…dl 
denote those features that are observed at the time of 
estimation, and e denotes the project’s effort upon 
completion [31]. The similarity of two projects p and p’ 
can be defined as a weighted Euclidean distance over the 
features d1,…dl, where wi is the weight of feature di.

2'

1
)()',( ii

l

i
i ddwpp −= ∑

=

δ  

A small distance indicates a high degree of similarity. 
When a new project is estimated, its distance to each 
project in the historical feature database is calculated. The 
effort of the most similar projects then determines the 
new cost estimate.  
 
4. Issues to be addressed 
 

In order to precisely estimate the effort of a new 
project using analogy-based estimation, all parameters of 
the Euclidean distance equations should be accurate, that 
is: 

• The projects (i.e. p) in the historical project 
databases must be comparable with the new 
project. 

• The features (i.e. d1,…dl) for comparison must be 
relevant. 

• The feature weights (i.e. wi) must be precise. 
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At the moment, the company has no historical project 
database that can be used for analogy-based estimation. A 
plan has been made to build such a database. However, 
most relevant empirical studies [3, 5, 7, 8, 9, 10, 11, 12, 
14, 15, 16, 23, 25, 26, 27, 28, 30, 32] focus on algorithm 
improvement of analogy-based method, and use projects 
in existing project databases to evaluate the accuracy of 
analogy-based estimation. Few studies have addressed 
how to build a historical project dataset for future 
analogy-based estimation.  

 
4. 1. The issues of selecting relevant projects 

 
During the feasibility analysis of establishing a 

historical project database for analogy-based estimation, 
the first question is: Which projects should be put into 
the historical database? 

The company has many divisions building different 
software products, such as finance and bank, public 
sector, retail, industry, and telecom. Does it make sense to 
put all projects into the project databases and use all of 
them as a basis for analogy comparison with a new 
project? Several studies have compared the accuracy of 
using analogy-based methods and regression-based 
method to estimate project effort using data from 
heterogeneous companies [7, 14, 15, 25, 28]. Three 
studies [14, 25, 28] claimed that analogy-based estimation 
is better than regression-based estimation for predictions 
across large heterogeneous data, while two other studies 
[7, 15] refute this conclusion.  

Shepperd and Schofield have observed that dividing 
the dataset on the basis of different development 
environments (e.g. programming language) leads to 
enhanced accuracy for both analogy-based estimation and 
regression-based estimation [31]. Thus, it may be more 
reasonable to classify projects into different categories 
based on certain characteristics of the projects, such as 
application domains, application platforms, and 
development languages. However, few empirical studies 
have investigated which characteristics should be used to 
divide the dataset, except the development environment 
examined in [31]. In addition, the company has over 40 
years of experience on software development. There are 
many projects finished long time ago. Due to the fast pace 
of the IT technology, these old projects may not be 
comparable with the current projects. Thus, another issue 
is: how should we deal with the old projects? Is the age of 
a project also a character to divide projects? To address 
this issue, our planned solution includes two steps.  
• The first step is to divide the projects based on the 

system application domain. The rationale is that we 
assume developers may have similar productivity 
when they work for projects within the same domain, 
although this assumption needs to be empirically 
tested [29]. Using the mean value of the productivity 

has been proven to improve the accuracy of analogy-
based estimation [16].  

• The second step is to divide the projects based on 
programming language, because it may lead to 
enhanced accuracy for estimation [31]. This division 
will also solve the age issue of the projects, because 
the programming languages used in very old projects 
are usually different from the newest projects. 

 
4. 2. The issues of selecting relevant features 

 
To estimate the effort of a new project, feature values 

of the new project needs to be compared with feature 
values of projects in the historical database. Different 
datasets with different feature sets have been used for 
analogy-based estimation studies, as shown in Table 1. It 
shows that some studies used datasets including only 
features related to the size of a system [3, 5, 10, 11, 28, 
30], and other studies involve datasets with more features 
[7, 8, 9, 12, 14, 15, 20, 23, 25, 26, 27, 32, 33], such as 
project-related and personnel-related information. 
Surprisingly, the feature “development language”, which 
is used in [31] to divide the projects into different 
datasets, has been used in [5, 7, 8, 9, 32, 33] to compare 
projects within one dataset. Thus, the question is: Should 
we use this feature to divide projects into different 
datasets or use it to compare projects within a merged 
dataset? A further question is: What features should be 
measured and stored in the historical project database?  
To address this issue, a three-step investigation will be 
performed.  
• First, a large feature set will be selected from the 

factors listed in Table 1 of the study [6]. Values of 
these features of historical projects will be collected 
and stored in the project database.  

• Second, three feature sets of the above will be 
independently selected based on the following three 
methods respectively: 
- A structured interview will be performed to 

collect the senior project manager’s opinions on 
the relevant features.  

- The methods proposed in [5] can compare the 
features and give weights to each feature. The 
features with low weight can be regarded as 
irrelevant and be excluded.  

- The method proposed in [19] also gives weight 
to project features. However, the method in [19] 
is different from the one used in [5]. 

• Third, the accuracy of analogy-based estimation 
using these three feature sets will be compared. The 
feature set with best estimation accuracy will be 
selected for further use. Another strategy is to build a 
dynamic features set by combining the most relevant 
features selected from the above three mechanisms. 
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Table 1. Summary of features investigated in analogy-based effort estimation studies 

Studie
s 

Dataset  
 

Num. of 
features 

Detailed features 

[3] 24 IBM DP projects [2] 4 Number of external inputs, number of external outputs, number of external 
and internal files, and number of user inquiries. 

[3] 21projects from Canada  10 Number of data element type for internal logical files, number of file type 
referenced for inputs, number of data element type for inquiries etc. 

[5, 8] 108 projects from 
European Space 
Agency  

11 Programming language, ,  maximum size of implement team, lines of 
code, required software reliability, execution time constraint, main storage 
constraint etc.  

[5, 30] 24 IBM DP projects [2] 6 Lines of code, number of function points, file handles, masks for input, 
and output inquiries. 

[5, 30] 77 Canadian software 
house-commercial 
projects 

8 Adjusted function points, raw function points, number of transactions, 
number of entities, technology of adjust factor, experience of project 
management, experience of equipment, and development environment. 

[5, 30] 15 large business 
applications [18] 

2 Quantitative (e.g. SLOC, database size) and qualitative (e.g. complex 
rating). 

[7, 33]  206 projects from 26 
Finnish companies 

19 Function points, organization type, application type, target platform, and 
15 productivity factors. 

[9] 81 projects 10 Team experience, number of entities, development environment etc. 
[10] 23 IBM projects [21] 5 Input count, output count, query count, file count, and adjustment factor. 
[10] 21 projects of  a 

financial organization 
[1] 

6 Input count, output count, inquiry count, internal logical file count, 
external interface files, and adjustment factor. 

[11] 229 projects  3 Unadjusted function points, adjusted function points, productivity. 
[12] 4 projects 10 Number of data items passed to and from system, signal passed etc. 
[14] 324 projects 6 Function points, maximum team size, development platform etc. 
[15] 451 projects from 

multi-companies and 19 
projects from one 
company  

3 System size (unadjusted function points), max team size, and project 
delivery rate. 

[20] 77 modules of  a 
medical records 
database system 

26 The number of entities, and the number of transactions, and the number of 
different types etc.  

[23] 77 projects 8  Team experience in years, project manager’s experience in years, number 
of entities, unadjusted function points etc. 

[25] 67 web projects 43 Service company provide, application domain, number of web pages, 
number of new web pages, number of text pages scanned, number of new 
images etc. 

[27] An experiment 
including 48 projects 

10 Users, sites, companies, interfaces, etc. 

[26] 37 web projects  8 Number of html files, number of media files, number of JavaScript, etc. 
[28] 149 maintenance tasks 5 External input, external output, external inquiry, internal logic file, 

external logical file. 
[32] 19 Australian projects 

[13] 
7 Unadjusted function points, maximum team size, distributed system or not, 

programming language, design experience etc. 
 

5. Discussions and conclusion 
 
To use analogy-based estimation efficiently, a 

historical project database with relevant and complete 
project information is essential.  However, most 

previous empirical studies on analogy-based estimation 
use existing project databases and assume that data in 
these databases are relevant and accurate. This paper 
has presented two major issues of building a high 
quality historical project database from a practitioners’ 
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viewpoint. The first issue is how to determine if a 
project is relevant and should be included into the 
project database. The second issue is how to decide 
which features of a project are relevant and how they 
should be measured. We have proposed possible 
solutions to deal with the two issues. Several further 
empirical studies will be performed to valid the 
accuracy and reliability of our proposals. 
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