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Abstract

Productivity benchmarking allows software development projects and organizations to
compare themselves to the market place in a given sector of industry. However, in practice
benchmarking presents many difficulties such as identifying a meaningful basis of
comparison. The European Space Agency (ESA) outsources many software projects. They
have accumulated a large cost database from these projects. In this paper, we present a
method for productivity benchmarking, as well as the productivity benchmarks we derived for
one of our customers based on the ESA database. Furthermore, we provide usage scenarios
for these models by describing how these models can be practically applied for benchmarking
purposes. We developed alternative types of benchmarks using two different modelling
techniques, namely least squares regression and regression trees. The most accurate model is
obtained using least-squares regression, explains 92% of the variation in project effort, i.e.,
R’=0.92, corresponding to an average magnitude of relative error (MRE) of 0.34.
Nevertheless, regression tree models are more intuitive and easier to apply for benchmarking
pur poses.

1. Introduction

In the past, the word “benchmark” has been used in various ways. In this paper, we define
productivity benchmarks as instruments that alow an organization/project to compare its
productivity to those of other similar organizations/projects. The ability to benchmark the
productivity of their projects provides software organisations a number of advantages. These
include the ability to determine whether they are competitive in a given business sector, and
whether a significant productivity improvement is required for sustaining a particular business.

In practice, productivity benchmarking presents a number of difficulties. For example,
what is meant by “compare productivity” and how does one determine if another project is
“sgmilar”? Of course there are the smplistic answers to these questions. However these
generally do not provide satisfactory results when operationalized.

In this article we present what we believe are the fundamental principles of software
engineering benchmarking and the results of a study aimed at building productivity
benchmarks using data collected by the European Space Agency. In particular, the
benchmarks are applicable to European projects in the space and military application domains.
The benchmarks have been constructed using different analytical techniques, namely ordinary
least squares regression and regression trees.

2. Background

For the construction of benchmarks, three issues need to be clarified. First, we define the
general concepts of benchmarking productivity. Second, we explain how productivity values
are compared. Third, how is similarity defined.

! This work was in part supported by Daimler-Benz Aerospace, RIO6, Bremen.
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2.1 Productivity Benchmarking Concepts

Benchmarking productivity is a data intensive process. This means that it is necessary to
have a benchmarking database containing productivity measures as well as other variables for
a set of completed projects.

The basic benchmarking process is to identify a subset of projects in the database that are
similar to the project to be benchmarked. Then the project is compared to this subset to
determine whether its productivity is better or worse and by how much (see also [9]).

A variation on this theme is to build a model of productivity from the database. Then to
estimate the expected productivity for projects similar to the project to be benchmarked. One
can compare their actual project’s productivity with the expected productivity distribution for
similar projects to determine whether they are better or worse. Both of these approaches have
been applied in our study.

This process may seem somewhat similar to the process of cost estimation. However there
are differences in the details. Benchmarking is usually performed after the project is
completed, while cost estimation is performed at the start of a project. Therefore, the variables
in the database that can be used in a cost estimation context should only be the ones that are
available at the start of the project. However, for benchmarking, one can aso use variables
that are only available at the end of the project.

2.2 Comparing Productivity

Let us assume that we have found the “similar” projects, and nhow we want to compare our
productivity with the productivity of those similar projects. An obvious approach is to take the
average productivity of the similar projects and see whether we are above or below it. This has
a number of disadvantages. First, as is common with software project productivity data, there
are likely to be some extreme productivity values for some of these similar projects. Such
extreme values can have a large impact when using the average, hence giving a distorted
benchmark result. This problem can be easily solved by using a robust statistic, such as the
median, instead of the average. The second difficulty is that if we know, let’s say, that our
project is above the median productivity of similar projects, this still does not tell us by how
much. Therefore, we need some measure of “distance’” from the median project and our
project. Such a measure of distance should aso be easily interpretable. Simply computing an
absolute distance would not really be interpretable since the variation in productivity among
smilar projects would not be taken into account.

To put the approach we use in context, we first consider another domain where a similar
concept to benchmarking has been in existence for quite some time.

In the domain of education, test scores have been benchmarked for along time. This means
that a student’s raw score is converted into a score that reflects his’her standing relative to
some “norm” group. There are a multitude of ways in which this can be done (see [8]). One of
these approaches is to convert araw score into a percentile score. This has the advantage that
no assumptions about the distribution of scores in the population need be made, and also that
the derived score isintuitive.

In the context of productivity benchmarking, the same concept can be applied. The 50"
percentile would be the median. This would indicate that 50% of the similar projects have a
productivity that is the same or lower as your project. The 75" percentile is the value where
75% of the similar projects have the same or lower productivity as your project. The distance
from the median can be measured in terms of the percentage of similar projects.

However, for productivity benchmarking, instead of converting a raw productivity value
into a percentile value, we can define productivity ranges that are equivalent to percentile
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ranges. We choose to have 4 ranges that are equivalent to the quartiles of the productivity
distribution of similar projects. The 4 ranges represent four productivity levels. Two levels are
below the median and two levels are above the median. Four levels were chosen because it
was felt that this provided sufficient granularity for meaningful interpretation without assigning
too much unwarranted precision to the benchmark resullts.

2.3 Defining Similarity

The next question is how do we find “similar” projects ? Similarity has to be defined with
respect to some set of project characteristics such as application domain, real time and storage
constraints (characteristics referred to as attributes). Idealy, similar projects should have
similar values on these attributes as well as having productivities that do not vary too much.
For example, let’s say that our project has ateam size of 7. If the “similar” projects are those
that have team sizes between 7 and 10, then this class of projects in our benchmarking
database should not have productivities that vary, say, tenfold. Otherwise they are not similar
enough since they represent projects that vary too greatly in their productivity. It then
becomes prudent to try to use other variables that partitions the set of projects with team sizes
between 7 and 10 into smaller subsets to reduce the variation in productivity.

The above discussion indicates that the attributes have to represent important variables that
distinguish companies in terms of their productivities. But also the attributes have to be of
importance for business decisions. For example, if my business domain is aerospace, | would
not be interested in benchmarking my projects against projects in the computer games domain
(see dso [9]). Therefore, application domain would be an important variable to consider when
identifying similar projects.

If one isusing an already existing database (as in our case), then the potential attributes are
predefined. The attributes that we use are presented later in this article.

There are many analytical techniques that can be used for identifying similar projects. An
obvious one is cluster analysis [ 7] (also known as analogy in software engineering, e.g., [12]).
However, this generally leads to clusters that are not optimal in terms of the variation in
productivity values. The reason is smple: cluster analysis only considers the attributes and
does not take into account the actual productivity values.

A class of data analysis techniques that build clusters taking into account the attributes and
the productivity values are regression trees (see [4]). Another more common technique that
can be used is least squares regression analysis (see [11]). We will present both later in this
article.

3. Context of the Study

The database used in this study is the European Space Agency (ESA) multi-organization
software project database. Since 1988, the ESA continuously collects historical project data
on cost and productivity from different application domains. The data comes from European
organizations, with applications from the aerospace, military, industrial, and business
environment. Once a project questionnaire is filled out, each data supplier is contacted to
ensure the validity and comparabiliy of the responses. Each data supplier regularly receives
data analysis reports of the dataset (see [10]).

The version of the database we analysed consisted of 157 projects. The breakdown of
projects by environment was, 36% space, 32% military, 22% industry, and 9% business
projects. The variables that are taken into account in the analysis are listed Table 1. These are
variables that potentially may have an impact on software project cost. The variables defined
on an ordina scale are some of the COCOMO factors (see [3] for further details). We
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generated an additiona variable called compression, because it was thought that it would have
an impact on effort. It indicates the effort per unit of duration, i.e., the schedule pressure, and
is defined as effort/duration. Our analysis is based on 101 projects from the space and military
environment, in order to consider only comparable projects.

Variable Description Scale Values/ Range/ Unit
ENV Project environment | nominal Space, Military
CATEGORY | Project’s Category nominal On Board, Message Switching, Real Time,
Ground Support Equipment, Simulators,
Ground Control, Tools, Others
PROJTYPE | Typeof SW Project | nominal Customized Application, Partly Customized
Application, Integration Project, Embedded
Application, SW Product Development,
Other
KLOC New developed code | interval 1 KLOC=1000 Lines Of Code
EFFORT Effort for SW interval MM, where 1 MM=144 hours/month
project
DUR Duration of SW interval month
project
TEAM Maximal team size interval
on one stage of a
project
LANG Used programming | nominal ADA, Assembler, C, Coral, Fortran,
language or Pascal, 4GL, Coboal, ... and combinations
combinations
VIRT virtual machine ordina 2-5 (low-very high)
volatility
RELY?2 required reliability ordina 1-5 (very low-very high)
TIME execution time ordina 3-6 (nominal-extra high)
constraints
STOR main storage ordinal 3-6 (nominal-extra high)
constraint
MODP use of modern ordinal 1-5 (very low-very high)
programming
practices
TOOL use of software tools | ordinal 1-5 (very low-very high)
LEXP programming ordinal 1-4 (very low-high)
language experience

Table 1: Variables used from the ESA database.

4. Regression Tree Models

A regression tree is a collection of rules of the form: “if (x and y and ...) then Z”, displayed
in the form of a binary tree” [4]. Regression trees classify instances (in our case software
projects) with respect to a certain variable (in our case productivity). Each node of a tree

2 The tree does not have to be a binary tree. However, the technique that we use for the analysis presented
in this article produces binary trees.
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specifies a condition based on one of the project variables (e.g., RELY 2) we have selected.
Each branch corresponds to possible values of this variable. A project can be classified by
starting at the root node of the tree and selecting a branch to go to based on the project’s
gpecific variable value (e.g., RELY 2 = HIGH). Moving down the tree branch corresponding to
the value of the variable, a new node is reached and the procedure above can be repesated until
aterminal node / leaf is reached. For each terminal node and based on the projects it contains,
the mean, median, and quartile values are computed for productivity. These statistics can be
used for benchmarking purposes. One can, for example, determine whether a project’s
productivity is significantly below the node median value. More precisely, one may determine
in which quartile of the node distribution the new project lies. If the project lies in the first or
last quartile, then it is significantly lower/higher than expected and the reason why this
happened should be investigated. The organization can then gather lessons learned from
projects and build a corporate experience base over time [1].

Regression trees have several main advantages. They are easy to use and interpret. They
can deal with many variables of different types (discrete and continuous). They can be easily
used for benchmarking of a given new project, since the past projects in the corresponding
terminal node can be used as a baseline of comparison.

Building a regression tree involves recursively splitting the data set until a stopping
criterion is satisfied [4]. The splitting criterion used is the split, in a given node, which most
successfully separates / distinguishes the node productivity values. A terminal node is reached
when a minimal number of observations is left in a node, or the homogeneity regarding
productivity within a node is very high. In our case the minimal number of observations in a
node was set to 10 (see [13][14]). Productivity for a node can be predicted by using the mean
or median value of the observations in the node. One advantage of regression trees is that
severa trees can be generated and used for estimation: for a given project to estimate, select
the tree where the terminal node to which belongs the project shows minimum productivity
variance.

4.1 Results

As a dependent variable, i.e., the variable used to benchmark projects, we have used
productivity. Independent variables, i.e., the influential factors on productivity, were team size,
project category, programming language used, compression factor, and 7 of the COCOMO
factors (for further details about COCOMO factors see [3]).

We did not use effort as a dependent variable with regression trees, because this would
mean that we have to account for the effect of size (KLOC) as an independent variable.
However, this would have complicated the interpretation of the trees, which is one of their
major advantages.

During the course of the analysis, we have generated many alternative regression trees. The
trees were built considering all the variables mentioned in Table 1.

In order to select the best model, the evaluation criterion we used to assess the trees
accuracy was the mean magnitude of relative error over all tree nodes (see Equation 1).

1 noof obgenvatins| actual valug, - predictedvalug |

MMRE = - .
noof observations o actual value |

Equation 1: Mean magnitude of relative error.

The best regression tree in terms of the accuracy regarding productivity is presented in
Figure 1. In this tree the three variables, team size (TEAM), project category (CATEGORY),
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and use of software tools (TOOL) appear to have the most significant influence on

productivity.

The total number of considered projects is 56. This is because, if a missing value for a
variable occurs, the whole observation is ignored for building the tree. The tree is to be
interpreted in the following way:

- Onthefirst level of the tree, projects are first split according to their team size. If the team
size is lower or equal to 7 persons, these projects are split further according to their
category. For 29 projects the team size is lower or equal to 7 persons; 27 projects have a
team size greater than 7 persons.

Following the left branch: Projects falling in the categories “on board systems’, or

“simulators’ have a mean productivity of 0.35 KLOC/MM. There are 10 projects out of

the 29 projects.

Similarly, projects falling in al other categories (see Table 1), have a predicted

productivity of 0.58 KLOC/MM. This holds for 19 projects.

Projects with more than 7 team members and where tool usage is between low and

nominal have a predicted productivity of 0.09 KLOC/MM. Thisis the case for 16 projects.

Projects with a team larger than 7 persons and high-very high usage of tools have a

predicted productivity of 0.217 KLOC/MM. This holds for 11 projects.

TEAM £ 7
29 observations 7 obser vations
CATEGORY = On Board OR Simulators TOOL £ nominal
10 observay %servaons 16 observations 11 observations
Terminal Node 1 Terminal Node 2 Terminal Node 3 Terminal Node 4
Mean produdivity Mean productivity Mean productivity M ean producti vity
0.3504 0.581 0.09471 0.2161

Figure1: Regression tree model.

This tree intuitively makes sense. Projects with a smaller team size have higher productivity
than projects with larger teams. If tool usage is higher than nominal, then productivity is also
higher. The usage of toolsis more significant for larger projects.

We numbered the terminal nodes from left to right, starting with 1. For each terminal node,
the mean, and the within node MMRE for effort and productivity are given in Table 2.

The overal MMRE values for effort and productivity for the tree are 0.567 and 1.00
respectively. This is the best result we obtained for regression trees. It has to be considered,
that there are large variations in the productivity MMRE's across the terminal nodes.
Therefore, the accuracy/usability of regression trees depends strongly on the terminal node a
project lies in. Therefore, choosing a tree or a regresson model (see next section) for
benchmarking will also be determined by the terminal nodes MMRE that are relevant to a
given project to be benchmarked.
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Termind | Terminal | Termina | Terminal

Node 1 Node 2 Node 3 Node 4
Mean productivity 0.35 0.581 0.095 0.216
MMRE (effort) 0.74 0.45 0.65 0.49
MMRE (productivity) 1.56 0.99 0.88 0.68

Table 2: Terminal node information for regression tree.

4.2 Using Regression Treesfor Benchmarking

The information contained in a regression tree (Figure 1) and additional information about
the terminal nodes (Table 3) can be used for benchmarking in the following way. Based on the
independent variables available, the projects in this terminal node are comparable, in terms of
productivity, to the completed project you want to assess. Therefore, we can consider its
productivity distribution as a comparison baseline. Thus, the productivity range within each
node can be partitioned into 4 productivity levels (Table 3), i.e., intervals according to the
25% quartile value, the median, and the 75% quartile value. For example, in the terminal node
2 inthe tree (Table 3), the 25% quartile value is 0.3602, meaning that 25% of the projects in
node 2 have a productivity equal to or below this value. Similarly, the 75% quartile value in
node 2 is 0.8058, meaning that 25% of the projects have a productivity vaue higher than
0.8058. For a given project to be assessed:

Follow the appropriate path in the regression tree (Figure 1) until a terminal node is
reached, e.g., terminal node 2.

Calculate the actual project productivity (size/effort), e.g., 0.86.

Compare the productivity value of the completed project with the quartile and median
values. Determine to which productivity level the project belongs. If the project lies within

a low (<25% quartile) or high (>75% quartile) productivity level, then reasons for such

large differences from the comparison baseline should be investigated.

Productivity | Interpretation Terminal | Termina | Terminal | Terminal
Levels Node 1 Node 2 Node 3 Node 4

Level 1 Very low Productivity <0.1166 | <0.3602 |<0.0388 | <0.0937
Level 2 Low Productivity <0.2068 | <0.5 <0.0615 |<0.2351
Level 3 High Productivity >0.2068 | >0.5 >0.0615 | >0.2351
Level 4 Very high Productivity | >0.6071 | >0.8058 | >0.1049 | >0.2842

Table 3: Productivity levels, ranges, and their interpretations for regression tree.

Table 3 summarizes the possible ranges of productivity for a project to be assessed. An
actual productivity value of a completed project can be easily assessed using this benchmark
table.

5. Multivariate L east Squares Regression Models

The multivariate regression model that we built uses effort as the dependent variable. This
is different from the regression tree models that were presented in Section 4. The effect of size
on effort can be modelled using least-squares regression analysis (see [2][11] for details of
ordinary least squares regression analysis).

Using effort as a dependent variable with ordinary regresson models still allows one to
perform productivity benchmarking because we model effort for a given size. This will be
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illustrated below. The advantage of using effort as a dependent variable is that non-linear
relationships between size and effort can be easily modelled. Productivity defined as a ratio of
size over effort inherently assumes proportionality between effort and size.

We present the best regression model in this section in terms of goodness of fit. The model
explains a large percentage of the variation in effort (92%), and therefore it can be considered
good for benchmarking purposes.

The main advantages of least squares regression models are that they are commonly used
and therefore there is familiarity with them, and when their assumptions are met, they can
provide valid and rather accurate results. However, compared to regression trees, least
sguares regression produces models that are not as easy to understand and not as intuitive.
Thisis especially true when there are many variables and many interactions amongst them.

5.1 Reaults

Our regresson model was built considering the influential factors on effort: project
category, new developed code, compression factor, team size, programming language, and the
7 COCOMO factors.

In this model we have two types of variables: continuous and discrete. For continuous
variables (i.e., new developed code, compression, and team size) we took their natural
logarithms in order to linearize their relationship with effort, thus allowing the use of least
sguares estimates for their coefficients. For the discrete variables (e.g., the COCOMO factors)
we created dummy variables (i.e., variables taking 2 possible values, usually 0 and 1). The
dummy variable approach for modelling discrete variables in regression equations is explained
in[2][11].

A stepwise process was performed to extract those variables that have a significant (p-value
< 0.05) influence on effort. All non-significant variables were excluded from the model. The
model reported in Equation 2, turned out to be the best one.

(1) In(EFFORT )=a- In(KLOC)+b - In(COMPRESSON) +c- In(TEAM )+ d - VIRT,, + f - STOR, + Interpect
(2) EFFORT =KLOC®? - COMPRESSON" - TEAM € - @Yo . gfSTORo . glntercent

Equation 2: Linearized (1) and corresponding exponential (2) regression model.

Equation 2 gives the model specification of the linearized and the corresponding
exponential model. Table 4 provides information about the regression coefficients and the
intercept. Table 5 summarizes the model’s accuracy results, and gives the number of projects
considered to build the model.

Parameter | Estimate | p-value

a 0.286 0.0004
b 0.379 0.0066
c 0.689 < 0.0001
d
f

0.455 0.0123
0.653 0.0084
I ntercept 1.586 <0.0001

Table 4: Parameter estimates for regression model.

| SFRN-98-08 9



MMRE (effort) 0.343
MMRE (productivity) 0.344

R? / R* (adjusted) 0.92/0.91
Number of Observations 47

Table 5: Information about regression model.

5.2 Using Multivariate Regression M odels for Benchmarking

The usage of the regression models for the purpose of benchmarking is explained in this
section. The presented approach is based on the distribution of residuals, in contrast to the
approach based on the productivity distribution presented for the regression trees (Section
4.2). The residual is the difference between actual effort and predicted effort. Given that our
regression models have a rather good fit to the data, the predicted effort estimates the effort
expected for a project with similar characteristics to the ESA database. Therefore, the residual
represents the “distance” between the effort obtained on the rea project being benchmarked
and the effort for a project with similar characteristics to the ESA database. If the real project
has a larger effort value than the predicted value (i.e., a positive residual), then it means that
the real project is less productive than the previous similar ESA projects. If the real project has
a smaller effort value than the predicted value (i.e., a negative residual), it means that the real
project is more productive than previous similar ESA projects.

Just using the sign of the residuals (i.e., just positive or negative residuals) is a little crude.
Therefore, we can improve on that by splitting the residua distribution into 4 intervals
corresponding to the 4 quartiles.

For a given project to be benchmarked regarding productivity, the distribution of residuals
can be used in the following way. Partition the distribution of the residuals according to the
25%, 50% (median), and 75% quartile values. Thus, the effort range can be partitioned into 4
levels (i.e., intervals) according to the quartile values (see Table 6). For example, the 25%
guartile value is -0.4116, meaning that for 25% of the projects the residual values are equal to
or below this value. Similarly, the 75% quartile value for regresson model 1 is 0.4316,
meaning that 25% of the projects have a residual value higher than this value. Benchmarking
can be performed in the following way:

Calculate the predicted effort for the project to be benchmarked using Equation 2
(linearized model equation).

Calculate the residual effort value. The residual isthe actua value - predicted value.
Determine the productivity level using the benchmark table (Table 6).

Productivity Levels | nter pretation Residual Ranges
Level 1 very low productivity > (.288

Level 2 low productivity > 0.016

Level 3 high productivity <0.016

Leve 4 very high productivity | <-0.346

Table 6: Residual ranges and productivity levels for linearized regression model.

6. Comparison of the Models

In this paper we have presented two models for benchmarking productivity. To choose
from these models for benchmarking the following criteria must be considered: accuracy of the
model, availability of project data required for applying a model, and ease of use of a model.
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It turned out that the least squares regresson model is the most accurate in general.
Therefore, as a starting point one would use the least squares regression models. However, if
data for the variables that are required to use these models are missing, then it may not be
possible to use the most accurate model. Missing variables is a problem that can occur in
practice. Under these conditions, the next most accurate model ought to be selected.

The general procedure is to try using least-squares regression model which is, in general,
more accurate. However, if one of the trees’ terminal nodes corresponding to the project to be
benchmarked shows a smaller MMRE (effort or productivity) than the least squares regression
model, it should be considered as the favorite aternative. This will not often be the case,
however.

Degspite a general poorer accuracy, the regression tree models are more intuitive and easy
to use for benchmarking purposes. This criterion can also be taken into account when deciding
on the particular model to use. In some cases, it may be worthwhile to use a less accurate
model simply because it is easier to use. Trees can be refined by experts who can, for example,
add decomposition levels to the tree based on their own experience. Thus, a model which is
both data and expert driven can be derived. This remains, however, a research issue to be
investigated.

7. Conclusions

We have presented two different types of multivariate models that can be used for
productivity benchmarking. The models were developed using data in the European Space
Agency (ESA) project cost database. Multivariate least squares regression has been used,
although this technique is a priori more adequate to build models for prediction purposes. We
have described the best obtained multivariate regression model. Using regression tree analysis,
we provided results for the best obtained regression tree in detail. We have also presented
procedures that can be followed for interpreting the benchmarks. These procedures identify
four levels of productivity, depending on the extent to which the productivity value of a given
project is better/worse than similar previous projects in the ESA database.

Despite the fact that we focused on external benchmarking, it is important to note that an
identical modeling approach can be used for internal benchmarking in an organization. Future
work will consist of using more sophisticated techniques in an attempt to build more accurate
benchmark models. In terms of research activities, future steps will involve the use of a novel
technique called Optimized Set Reduction (OSR) [5], [6], which has been designed to produce
more accurate benchmark models, but for which tool support was so far not fully available.
The goa of OSR is to provide models which are both accurate in their predictions and
interpretable, so that the multivariate patterns observed in the data can be discussed with
experts.
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