
Applying Moving Windows to Software Effort Estimation

Chris Lokan
School of Engineering and IT

UNSW@ADFA
Canberra, Australia
c.lokan@adfa.edu.au

Emilia Mendes
Department of Computer Science

University of Auckland
Auckland, New Zealand
emilia@cs.auckland.ac.nz

Abstract

Models for estimating software development effort
are commonly built and evaluated using a set of histor-
ical projects. An important question is which projects
to use as training data to build the model: should it
be all of them, or a subset that seems particularly rele-
vant? One factor to consider is project age: is it best to
use the entire history of past projects, or is it more ap-
propriate in a rapidly changing world to use a window
of recent projects?

We investigate the effect on estimation accuracy of
using a moving window, using projects from the ISBSG
data set. We find that using a moving window can im-
prove accuracy, and we make some observations about
factors that influence the range of possible window sizes
and the best window size.

1. Introduction

Models for estimating software development effort
are commonly built and evaluated using a set of his-
torical projects. The usual approach involves separat-
ing the data into a training set (from which a model
is built) and a testing set (with which the model’s ac-
curacy is assessed). An important question is which
projects to use as training data to build the model:
should it be all of them, or a subset that seems partic-
ularly relevant?

In this paper we propose that an important consid-
eration when selecting a set of training projects is the
sequence in which projects are completed.

We take a “project-by-project” approach to estima-
tion, in which the chronological sequence of projects
is important. A separate estimation model is built for
each project in chronological order: the test set is the
single project for which effort is to be estimated, and
the training set is some or all of the projects completed

before this single project was initiated. This is the sit-
uation faced in reality by an estimator.

Early in the process the set of completed projects
is small, and all data is precious. Eventually, the data
set becomes large enough that one might consider dis-
carding training projects that seem less relevant. In
particular, if one assumes that recent projects better
reflect current development tasks and practice, while
past projects become less relevant over time, it might
make sense to discard older projects. In effect this is a
“moving window” — as time passes, new projects enter
the data set, and old projects cease to be considered as
the window moves past them.

This idea seems intuitively realistic — but does it
have any effect on the accuracy of the estimates? Us-
ing a window has a potential benefit and a potential
disadvantage. It might help to produce a more accu-
rate estimate for a new project, if more recent train-
ing data is more representative of the new project. It
might hurt if the resulting smaller training set does not
permit one to consider as many independent variables,
or if the relationships between variables are harder to
identify, so the resulting estimation model might be
coarser and perhaps less accurate.

In this paper we investigate this trade-off. We ad-
dress the following research questions:

1. Assuming a project-by-project approach to effort
estimation, is there a difference between the accu-
racy of estimates using prediction models that are
built using all available data in a training set, and
the accuracy of estimates using prediction mod-
els that are built using only the N most recent
projects in the training set? The null hypothesis
is that there is no difference, for all values of N.

2. If there is a difference, can insights be gained
by observing trends in estimation accuracy as N
varies?
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The contribution of this paper is that to our knowl-
edge it is the first detailed study of the application of
moving windows in software effort estimation, and the
first to consider different window sizes.

The remainder of the paper is organized as follows.
Section 2 briefly summarizes related work. Section 3
describes the research method employed in this study.
Results are presented in Section 4, and discussed in
Section 5. Section 6 discusses threats to validity, and
finally our conclusions and directions for future work
are presented in Section 7.

2. Related work

Chronological splitting has been applied as a data-
splitting approach in several other domains, but is rare
so far in software engineering. The few studies in soft-
ware engineering that considered chronological split-
ting are presented next. Lefley and Shepperd [10], and
Sentas et. al. [18], used chronological splitting as the
basis for splitting their data into training and valida-
tion sets, when comparing effort and productivity mod-
els. Lokan and Mendes [12] compared a chronological
split against a random split of data into training and
testing sets, finding no significant impact on estimation
accuracy.

Two studies addressed a slightly different problem,
using information from previous tasks within a project
to estimate effort in later tasks in the same project.
MacDonell and Shepperd [13] studied effort distribu-
tion in major waterfall phases in 16 projects. They
found the patterns of effort distribution between phases
varied too much for this approach to work by itself,
though it was helpful in conjunction with expert esti-
mation. Abrahamsson et al. [1] were more successful
in two projects from an extreme programming envi-
ronment, finding that data from early iterations pro-
duced increasingly more accurate estimates for later
iterations.

The most relevant work to the present paper is that
in which the training data was viewed as a portfolio
that grew over time as projects finished. Two pa-
pers [13, 16] noted that this is a sensible approach, but
did not analyze their data in that way; one described
it as future work [13].

Auer and Biffl [2] and Auer et al. [3] considered the
effect of a growing portfolio in their research into esti-
mation by analogy. They tracked changes in accuracy
as the portfolio of completed projects grew. However,
they did not consider the use of a window of projects.

In two recent studies we compared estimates based
on a growing portfolio with estimates based on leave-
one-out cross-validation, using two different data

sets [11, 15]. In both cases, cross-validation estimates
showed significantly superior accuracy.

We are aware of one study, by Kitchenham et al. [8],
which considered a growing data set and whether a
moving window should be used. They found that
when they divided their data into four subsets by start
date, the regression models changed between the sub-
sets (there was no pattern to the changes, except a de-
cline in adjusted R2 over time). As a result they argued
that old projects should be removed from the data set
as new ones were added, so that the size of the data set
remained constant. They recommended that the esti-
mate for project n should be based on projects n−30 to
n−1: a moving window of 30 projects. They found that
doing so appeared to lead to slightly worse predictive
accuracy, compared to retaining all training data, in
those projects whose estimate could be affected by the
use of such a window (this cannot be judged directly,
however, since the accuracy statistics they tabulated
were not based on the same sets of projects).

Kitchenham et. al. broke new ground by recom-
mending the use of a moving window if regression equa-
tions change over time, and showing that using a mov-
ing window (of one particular size) had an effect on
predictive accuracy. However, this was not the pri-
mary point of their paper, and they did not investigate
moving windows more deeply. To our knowledge, the
present paper is the first to study moving windows in
detail.

The chronology of projects was also important
in [17], which investigated changes in software devel-
opment productivity over time. They found changes
from year to year, and an overall pattern of improving
productivity can be seen. Their focus was on char-
acterizing productivity in different years, rather than
using past data to estimate future projects. However,
their results suggest that regression models are likely
to change over time, which reinforces that a moving
window might be appropriate.

3. Research Method

3.1. Data set

The data set used in this paper is the same one we
analyzed in [11]. This data set is sourced from Release
10 of the ISBSG Repository.

Release 10 contains data for 4106 projects; how-
ever, not all projects provided the chronological data
we needed (i.e. known duration and completion date,
from which we could calculate start date), and those
that did varied in data quality and definitions. To form
a data set in which all projects provided the necessary
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data for size, effort and chronology, defined size and
effort similarly, and had high quality data, we removed
projects according to the following criteria:

• Remove projects if they were not assigned a high
data quality rating (A or B) by ISBSG.

• Remove projects for which the implementation
date and/or overall project elapsed time is un-
known.

• Remove projects if their size is measured in lines
of code, or in a version of function points other
than IFPUG, or in an outdated version of func-
tion points (size measured with an older version is
not directly comparable with size measured with
IFPUG version 4.0 or later). Also remove projects
that measured size with an unspecified version of
function points, and whose completion pre-dated
IFPUG version 4.0.

• Remove projects for which the size in unadjusted
function points is unknown.

• Remove projects with for which the development
team effort (resource level 1) is unknown. Projects
that also reported the effort for other participants
were retained, but only if they identified the de-
velopment team effort separately, and only the de-
velopment team’s effort was used in our analysis.

• Remove projects whose normalized effort differs
from recorded effort. This should mean that the
reported effort is the actual effort across the whole
life cycle.

• Remove Web projects.

In the remaining set of 909 projects, 231 were all
from the same organization and 678 were from other or-
ganizations. We only selected the 231 projects from the
single organization as the use of single-company data
was more suitable to answer our research questions
than using cross-company data. Preliminary analysis
showed that three projects were extremely influential
and invariably removed from model building, so they
were removed from the set. The final set contained 228
projects.

Release 10 of the ISBSG database provides data on
numerous variables; however, this number was reduced
to a small set that we believed could potentially have
an impact on effort, and which did not suffer from a
large number of missing data values. The remaining
variables were size (measured in unadjusted function
points), effort (hours), and three categorical variables:
development type (new development, re-development,

Table 1. Summary statistics for ratio-scaled
variables

Variable Mean Median StDev Min Max

Size 496 266 699 10 6294
Effort 4553 2408 6212 62 57749
PDR 16.47 8.75 31.42 0.53 387.10

enhancement), primary language type (3GL, 4GL), and
platform (mainframe, midrange, PC, multi-platform).

Summary statistics for size, effort, and project deliv-
ery rate (“PDR”, calculated as effort divided by size;
high PDR values indicate low productivity) are pre-
sented in Table 1.

We do not know the identity of the organization that
developed these projects; however we are aware that
the projects were developed for a variety of industry
sectors where insurance, banking and manufacturing
were the most common. Start dates range from 1994
to 2002, but only 9 started before 1998. 3GLs are used
by 86% of projects; mainframes account for 40%, and
multi-platform for 55%; these percentages for language
and platform vary little from year to year. There is
a trend over time towards more enhancement projects
and fewer new developments. Enhancement projects
tend to be smaller than new developments, so there is
a corresponding trend towards lower size and effort.

PDR also changes with time; in particular, it is no-
tably worse in projects completed before 2001. The
change in PDR is illustrated in Figure 1, which relates
size to effort for the first 75 projects and the last 75
projects in chronological sequence, and also shows the
regression lines relating log(size) to log(effort) for each
group. The intercept is higher and the slope steeper for
the early projects, both implying more effort for a given
size (i.e. poorer productivity) in the early projects.
This suggests that if the early projects are included as
training data for the later projects, the resulting esti-
mation models may be biased towards over-estimating
the effort for the later projects. A moving window,
which eventually ignores the early projects, might be
helpful in this situation.

3.2. Estimating effort for a single project

A project-by-project approach was used to estimate
the effort for each project. When a window was not
being used, the approach was as follows:

• A project p was selected as the target project, for
which effort was to be estimated.
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Figure 1. Size vs. effort for the first 75 and last
75 projects

• The starting date (sd) for p was used to split
the remaining projects into two groups: completed
projects that had finished prior to sd, and ac-
tive/future projects that were active or had not
yet started at sd.

• The set of completed projects was used as the
training set to build a regression model R.

• Cook’s distance [6] was used to determine whether
any highly influential completed projects should be
removed; if any were removed, R was then refitted
using the reduced data set.

• R was applied to p’s data in order to obtain an
effort estimate for p.

These steps were repeated for each project in turn,
until effort estimates were obtained for all projects.

When a window was being used, the approach was
the same except for one additional step: before using
the set of completed projects to build the regression
model R, any that did not fall within the window of
most “recent” projects was removed from the set.

3.3. Building an estimation model

All of the models used in this investigation were built
using an automated process, programmed in the sta-
tistical programming language R.

The procedure followed in the automated process
was as follows:

• The first step in building every regression model
was to ensure numerical variables were normally
distributed. We used the Shapiro-Wilk test on
the training set to check if Effort and Size were
normally distributed. Statistical significance was
set at α = 0.05. In every case, Size and Effort
were not normally distributed, and were therefore
transformed to a natural logarithmic scale.

• Independent variables whose value was missing for
the project to be estimated were not considered for
inclusion in the estimation model.

• Every model included Size as an independent vari-
able. Beyond that, given a training set of N
projects, no model was investigated if it involved
more than N/10 independent variables (rounded
to the nearest integer), assuming that at least 10
projects per independent variable is desirable [19].

• Models were built using multivariate backward
stepwise regression (using the “fastbw()” func-
tion from Harrell’s Design package for R).

• To verify the stability of an effort model, the fol-
lowing approach was used [14]: Calculate Cook’s
distance values for all projects to identify influ-
ential data points. Any projects with distances
higher than (3× 4/N), where N represents the to-
tal number of projects, were immediately removed
from the analysis. Those with distances higher
than 4/N but smaller than (3 × 4/N), were re-
moved temporarily in order to test the model sta-
bility, by observing the effect of their removal on
the model. If the model coefficients remained sta-
ble and the goodness of fit improved, the highly
influential projects were retained in the analysis.

• If there was more than one possible model in
which all independent variables were significant,
the model with highest adjusted R2 was preferred.

3.4. Prediction accuracy measures

The most common measures used in software en-
gineering to compare different effort estimation tech-
niques are the mean (MMRE) and median (MdMRE)
magnitude of relative error; and prediction at level l
(Pred(l)): the fraction of estimates that are within l %
of the actual values. It is suggested [5] that l should be
set at 25% and that a good prediction system should
offer this accuracy level 75% of the time.

Although MMRE, MdMRE and Pred(l) are often
used as evaluation criteria to compare different effort
estimation techniques, Kitchenham et al. [9] showed
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that MMRE and Pred(l) are respectively measures of
the spread and kurtosis of z, where (z = estimated
value / actual value). They suggested the use of box
plots of z and box plots of residuals as useful alter-
natives to simple summary measures, since they can
give a good indication of the distribution of residuals
and z and can help explain summary statistics such
as MMRE and Pred(.25). Average z values that ex-
ceed 1.0 indicate a bias towards over-estimates, while
average values below 1.0 indicate a bias towards under-
estimates.
z itself has a bias towards minimizing over-

estimates. For this reason we prefer to focus on ab-
solute residuals, which have no bias towards over- or
under-estimates, and show the scale of errors.

In this study we used MRE and absolute residuals
to compare the accuracy of effort models. In addi-
tion, some of the accuracy comparisons are based on
the shape of graphs. In particular, we use Regression
Error Characteristic Curves (“REC curves”) [4] to vi-
sualize the distributions of accuracy measures. Space
limitations prevent us from presenting boxplots as well.

To test for statistically significant differences be-
tween accuracy measures, we used the paired-samples
t-test and set statistical significance at 5%. All calcu-
lations were done using the statistical language R.

3.5. Moving windows

3.5.1. Windowing approach

There are two ways in which a moving window might
be defined: by number of projects, or by duration. By
number of projects, only a fixed number of the most
recent projects are retained. At times when the rate
of completing projects is high, the time span of the
window might be quite small, but when the rate of
projects completed per month is low the time span of
the window might be quite large. By duration, the
size of the window is a time span. Projects completed
before the start of the time span are excluded, and con-
versely, only projects within the defined time span are
included. The number of such projects might therefore
vary.

Each has potential benefits. A window based on du-
ration can be scaled to include only those projects that
reflect recent development projects and practices. One
must hope that there are enough of them to support
sound statistical analysis, or else one must trade off the
degree of recency against the number of projects. On
the other hand, a window based on a fixed number of
projects can be scaled to provide enough data for sound
analysis (e.g. Kitchenham et. al.’s 30 projects [8]), but

might stretch across a wide time span so that earlier
projects are perhaps less relevant to current projects.

In this paper we investigate the second approach,
in which a window contains the N most recently com-
pleted projects.

3.5.2. Evaluation data sets

We have described the use of a window in forming the
set of training data. The choice of window size also af-
fected the testing data set, and number of projects that
could sensibly be used to evaluate the impact of using
the window. When evaluating the difference between
two approaches (using a window or not), it makes no
sense to include projects where there could be no dif-
ference in the prediction models. This was the case
during the initial stages, while the window filled up.

If a window was not used, no training data was ever
rejected due to its age. If a window of N projects was
used, the model building process was identical until the
window filled up, because no projects were rejected due
to their age until at least N+1 were complete.

For example, when a window of 20 projects was used
with our data set, it was only at the 28th project in
the sequence that at least 21 projects had finished (at
that start date, 21 projects had finished and 6 were
active) and the use of the window could make a differ-
ence because at least one project was excluded from the
training set. Hence we evaluated the impact of using a
window of 20 projects by comparing the two estimates
(with and without window) for projects 28 to 228 in
the sequence. With a window of 30 projects, the win-
dow could only make a difference from the 51st project
in the sequence (when 33 had finished and 17 were ac-
tive), so the impact of the window was evaluated on
projects 51 to 228 in the sequence.

Thus, as the window size increased, the set of evalu-
ation projects decreased. This placed an upper bound
on the window sizes that could sensibly be investigated.
The absolute limit was 208, leaving 3 projects for eval-
uation.

3.5.3. Range of window sizes

In studies where a data set is divided into training and
testing sets, it is common to use a split of about 2:1
respectively. The maximum window size that allowed
us to retain at least one third of our data for evaluation
purposes was a window of 114 projects. As this seems
a somewhat arbitrary number, we set 120 projects as
the largest window size to be investigated.

For the smallest window size, we needed to estab-
lish the smallest amount of data that seemed useable.
Kitchenham et. al. [8] suggest at least 30 training

Third International Symposium on Empirical Software Engineering and Measurement

978-1-4244-4841-8/09/$25.00 ©2009 IEEE  
115



projects (partly to reflect typical data set sizes in the
literature, and partly because 30 is about the size at
which sample properties begin to converge to popula-
tion properties) and no fewer than 20. On the other
hand, Humphrey [7] suggests that 3 may be useable if
they show a reasonable correlation (R2 ≥ 0.5) between
size and effort.

To determine the smallest useful data set size, we ex-
perimented with window sizes ranging from 5 projects
to 30. For each project and each window size, we
formed the relevant training set (the last N projects
to finish) and used that data set to build a regression
model. Many regression models, usually based on few
data points, were not significant at the 5% level. The
question was, what was the minimum window size at
which the regression model was almost always signifi-
cant at the 5% level? In this data set, the threshold
turned out to be 20 projects. (This reinforces Kitchen-
ham et. al.’s [8] suggested lower limit).

4. Results

4.1. Summary statistics

Table 2 shows the effect of window sizes on mean ab-
solute residuals.The second column shows the number
of projects for which the use of a window could make
a difference; the third column shows the mean abso-
lute residual across all of those projects, when each is
estimated using only the N most recently completed
projects; the fourth column shows the mean absolute
residual for the same set of projects, when the training
set for each contains all projects completed so far; this
varies from 21 projects at the start of the sequence
to 214 projects at the end. The final column shows
the p-value when the paired-samples t-test was used
to compare the absolute residuals with and without a
window; values below 0.05 indicate a statistically sig-
nificant difference. Note that we investigated all win-
dow sizes from 20 to 120, but due to space limitations
only some of them are tabulated in Table 2. This is
still sufficient to show the important trends.

Figure 2 plots the difference in mean absolute resid-
uals against window size. The dotted vertical line at
window size 52 is a boundary: for window sizes up to
52, the difference is statistically significant (favouring
the retention of all training data rather than using a
window), but for larger window sizes the difference is
not statistically significant (thus favouring neither ap-
proach).

Table 3 and Figure 3 present similar information for
MMRE. This time there are two boundaries. For win-
dow sizes up to 23 the difference in MMRE is statisti-

Table 2. Mean absolute residuals with differ-
ent window sizes

Window Testing With Without p-
size (N) projects window window value

20 201 3137 2712 0.030
30 178 2969 2662 0.035
40 165 3075 2631 0.019
50 153 2947 2624 0.050
60 136 2840 2567 0.104
70 126 2518 2405 0.487
80 126 2468 2405 0.513
90 111 2009 2189 0.154
100 88 2169 2234 0.191
110 75 1762 1821 0.468
120 71 1755 1840 0.113

Table 3. Mean MRE with different window
sizes

Window Testing With Without p-
size (N) projects window window value

20 201 1.618 1.330 0.029
30 178 1.436 1.402 0.706
40 165 1.483 1.413 0.505
50 153 1.442 1.449 0.942
60 136 1.480 1.493 0.890
70 126 1.491 1.537 0.566
80 126 1.473 1.537 0.416
90 111 1.219 1.392 0.002
100 88 1.232 1.405 0.001
110 75 1.155 1.403 0.011
120 71 1.273 1.417 0.008

cally significant, favouring the retention of all training
data; for window sizes of 85 or more the difference is
statistically significant, favouring the use of the win-
dow; in between, the differences are not statistically
significant, thus favouring neither approach.

We also calculated Pred(.25) for each window size.
For window sizes up to 56, Pred(.25) was always better
if all data was retained; for larger window sizes it was
always better to use a window. The differences are
trivial, though: at best, Pred(.25) could be raised from
18% to 24%, but these are far from the 75% target [5].

4.2. Error characteristic curves

Tables 2 and 3 and Figures 2 and 3 present mean
values for different accuracy measures. It is also useful
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Figure 2. Difference in asolute residuals, by
window size

to compare the distributions of the accuracy measures.
For this purpose, we use regression error characteristic
(“REC”) curves [4].

In an REC curve, the x-value represents the value
of an accuracy statistic. The y-value represents the
fraction of error values that are less than or equal to
the given x-value.

The ideal shape of a REC curve for an accuracy
statistic whose value should be minimized (such as ab-
solute residuals, or MRE) has a steep slope at the start,
a “knee” near the upper left corner, and then a grad-
ual slope towards the asymptotic y-value of 1.0. When
comparing two curves, the one that is nearer the upper
left corner is better.

For example, Figure 4 shows the REC curves for
absolute residuals, for projects where a window of 20
projects could make a difference, with and without that
window. The dotted line is closer to the upper left cor-
ner than the solid line, across the entire range of error
values. Using terminology from the field of optimiza-
tion, we can say that one approach (retaining all data)
“dominates” the other (using a window of 20 projects):
it is always better. This shows that retaining all train-
ing data is not just better on average than using a
window of 20 projects: it is better across the board.

In contrast, Figure 5 shows the REC curves for abso-
lute residuals at the other end of our range, where the
window size is 120 projects. Table 2 shows a small ad-
vantage for using a window at this size, but the differ-
ence is not statistically significant. The absence of any

Figure 3. Difference in MMRE, by window size

significant difference is supported in Figure 5, where
the curves are very similar. However, the REC curve
is always at least as good when using the window: using
a window dominates retaining all training data. Thus,
even though the difference is not statistically signifi-
cant, it still seems worthwhile to use a window.

Figures 6 and 7 show the corresponding REC curves
for MRE, with window sizes of 20 and 120 projects, re-
spectively. Again we see that it is better to retain all
training data rather than to use a window of 20 projects
(and Table 3 shows that the paired-samples difference
in MRE is statistically significant); with a window size
of 120 projects, Figure 7 shows that it is better to use
a window (again, the difference is statistically signifi-
cant).

Clearly, in this data set one does better to re-
tain all possible training data than to use only the
most recent 20 projects. But if the choice is to use
all projects or only the most recent 120 completed
projects, it is better to use a window rather than to
use all projects. Somewhere in between there must be
a cross-over point, at which it becomes better — or at
least no worse — to use a moving window:

• With a window of 24 to 52 projects, MMRE is
always better when using all training data, but
the difference is not statistically significant. Mean
absolute residuals are also better when using all
training data, and this difference is statistically
significant.

• With a window of 53 to 66 projects, average MRE
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Figure 4. Absolute residuals, window of 20
projects

and absolute residuals are still both better when
using all training data, but neither difference is
statistically significant.

• With a window of 67 to 81 projects, MMRE is
always lower using a window than without it. At
this threshold the difference is not statistically sig-
nificant, but the REC curve (Figure 8) shows that
using a window dominates using all training data
for all but a small fraction of the range.

• With a window of 82 projects or more, both
MMRE and the mean absolute residual are lower
using a window than using all training data. For
a window of 82 to 84 projects, the differences are
not statistically significant in either MRE or abso-
lute residuals, but the REC curves show that us-
ing a window is better than using all training data.
With a window of 85 projects or more the differ-
ence in MMRE is statistically significant (the dif-
ference in mean absolute residuals never achieves
statistical significance).

Hence some obvious candidates for the “optimum”
window size are windows of 53 projects (at which point
neither accuracy statistic shows a statistically signifi-
cant disadvantage for the window), 67 projects (when
MMRE begins to favour the window), and 85 projects
(when average statistics favour the window and the ad-
vantage in MRE is statistically significant).

The absolute residuals and MRE values resulting

Figure 5. Absolute residuals, window of 120
projects

from our estimation models did not normally have
Gaussian distributions. It may therefore be better to
use a non-parametric test for significant differences in
accuracy measures. It turned out that using the paired-
samples Wilcoxon test instead of the paired-samples
t-test made little difference. The only difference was
that for windows of 24 to 52 projects, the Wilcoxon
test did not find the difference in absolute residuals to
be statistically significant. This still leaves 67 and 85
projects as candidates for the optimum window size.

4.3. Considering the entire data set

The results presented above show that using a win-
dow can be advantageous. However, the advantage
only becomes clear as the window size increases, which
means that more projects are needed to fill the window
(so using a window does not affect their estimate) and
fewer projects are affected by using the window. This
may be all very well from a research point of view, but
a practitioner would likely also care about the accuracy
of estimates across the whole portfolio of projects.

It seems from the results above that a small window
size has a negative effect. A large window size makes
a significant positive difference, but to fewer projects.
Overall, how does the accuracy of effort estimates vary
with different window sizes, when the entire portfolio
of projects is considered?

Figures 9 and 10 summarize the absolute residuals
and MRE respectively, evaluated across the entire data
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Figure 6. MMRE, window of 20 projects

set, for different window sizes. Both show that the
mean error value varies with the window size, and is
effectively minimized at a window size of around 75
projects.

5. Discussion

Our first research question was whether any use of
a window of recent projects made a difference to accu-
racy. The null hypothesis is rejected under the follow-
ing circumstances: for window sizes of 20 to 23, based
on both MRE and absolute residuals; for window sizes
of up to 52, based on absolute residuals; and for win-
dow sizes of 85 or more, based on MRE. Clearly the
use of a window can affect accuracy.

The second question is whether insights can be
gained by observing trends in accuracy as the win-
dow size varies. The general trend is that accuracy
is increased when using larger windows, compared to
not using windows. This may be misleading, however,
as several inter-related factors could be involved, dis-
cussed next.

One factor is the number of independent variables
that can be considered. This depends on the size of
the data set. It favours larger windows (larger training
sets), to the extent that being able to consider more in-
dependent variables leads to more accurate models (at
least for the data set employed in this study). We can
expect that there is one threshold (number of projects)
below which estimation models are not statistically sig-
nificant, and another above which there is so much vari-

Figure 7. MMRE, window of 120 projects

ation in the data that it does not help to add more
projects they add as much noise as they add extra
information. Homogeneity in the data set would be
relevant here; we might expect these thresholds to be
higher with more heterogeneous data.

The rate of change in an organization’s software de-
velopment tasks and practices will affect window sizes.
If change is rapid (“churn time” is short) the window
should be small, so that only very recent projects are
retained; if change is slow, a larger window could be
used.

The number of completed projects per year will also
be relevant. If this is large there is plenty of data to
work with, and a range of window sizes might be con-
sidered. If it is small, and the time needed to accumu-
late useful information exceeds the churn time, using a
window may add no value at all.

To summarize, the aim is to choose a window size
that enables one to include recent projects that are
representative of current tasks and practices, while ex-
cluding projects that seem out of date; while also hav-
ing enough data to provide useful information for esti-
mation. The factors discussed in the last three para-
graphs may all influence the trade-off, and they are
inter-related. Homogeneity in the data may affect how
little is needed to be useful; this and the rate of or-
ganizational change would affect how long it takes to
accumulate useful information; the rate of change also
affects how much data it is valuable to keep for es-
timation purposes. This study provides some initial
insights, but understanding these factors and their in-
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Figure 8. MMRE, window of 67 projects

teractions will require further research.
Note that “old” data need not be simply discarded.

It can still be useful, for example in longitudinal studies
to investigate long-term trends. This is a different goal
to shorter-term needs such as calibration of estimation
methods for use in the current environment.

We have found that with this data set, using a
small window is not advantageous. With fewer than
25 training projects the data can really only support
two independent variables. The first is always Size; the
second is usually LangType4GL, or occasionally Dev-
TypeNew. These variables explain less than 35% of the
variation in effort showing that the models simply do
not capture enough information (they may be statisti-
cally significant, compared to no regression at all, but
they are not accurate). By the time the window con-
tains about 60 projects, there is enough data to identify
the effect of each independent variable: most models
involve size, language type and platform; few include
the development type. Note that the larger models are
still not accurate, with mean absolute residuals being
about 70% of mean actual values, and MMRE being
well over 1. The nature of the models remains basi-
cally the same for windows of 60 or more projects.

The present data set is very heterogeneous, and only
being able to work with size and one other independent
variable is restrictive.

In this data set, a window of only 20 projects is
unrealistic as well: for most of the data set, 20 projects
meant that training data comes from a time window of
about 4 months. It does not seem realistic that projects

Figure 9. Absolute residuals, measured on
entire data set

completed only four months ago are “out of date”.
At the other extreme, a window of 120 projects rep-

resents a time span averaging a little less than two
years. This sort of scale makes more sense: tasks and
practices from two years ago could well be less rele-
vant now. However, the good performance with win-
dow sizes in the low 100s (Figures 2, 3 and 10) is more
an artifact of the data than an inherent consequence
of large windows. With these window sizes, only the
last 75 to 80 projects in the data set are affected by
the use of the window, and only about the first 45 are
excluded from the window. It happens that the differ-
ence in productivity between the first 50 or so and the
last 80 or so projects to finish is as big as it gets in this
data set.

We saw that accuracy statistics are minimized across
the entire data set if a window of 75 projects is used.
Other useful boundaries (based on statistically signif-
icant differences, REC curves, and overall differences
between means) occur at window sizes of 53, 67 and
85 projects. Therefore, for this particular data set, a
window size of 75 (that is, the estimate for project n
is based on data from projects n− 75 to n− 1) seems
appropriate. Across most of the data set, this corre-
sponds to a time window of about 12 months.

We emphasize that a window of 75 projects appears
to strike the best balance for just this particular data
set, which comes from one organization with its specific
environment and rate of project completion. Other
organizations, with different project completion rates
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Figure 10. MRE, measured on entire data set

and different rates of change in their environment, may
strike a different “sweet spot”.

6. Threats to Validity

This study has some limitations and threats to va-
lidity.

First, the ISBSG repository is a convenience sample,
and does not represent a random sample of projects. It
is not clear that the projects studied here are represen-
tative of the software industry, or even of the organi-
zation from which they come. It remains possible that
our results cannot generalize beyond this data set (all
other studies based on convenience samples share the
same threat). We trust that by studying data from
only one organization, numerous potential sources of
variation are removed; and that since the data set is
large and covers a long time span, it is a fair represen-
tation of this organization’s projects.

Second, all the models employed in this study were
built automatically. Automating the process necessar-
ily involved making some assumptions, and the validity
of our results depends on those assumptions being rea-
sonable. For example, logarithmic transformation is
assumed to be adequate to transform numeric data to
an approximately normal distribution; residuals are as-
sumed to be random and normally distributed without
that being actually checked; when choosing between
two models in which all independent variables were
significant, the one with higher adjusted R2 is assumed
to be preferred; multi-collinearity between independent

variables is assumed to be handled automatically by
the nature of the stepwise procedure. Based on our
past experience building models manually with ISBSG
data, we believe that these assumptions are acceptable.
One would not want to base important decisions on a
single model built automatically, without at least doing
some serious manual checking, but for calculations such
as project-by-project chronological estimation across a
substantial data set we believe that the process here is
reasonable.

7. Conclusions

We have analyzed a large data set, to see whether
using a moving window of only the most recently com-
pleted projects, instead of using all available projects
as training data, has a significant effect on the accu-
racy of effort estimation models. We have shown that it
does indeed have a statistically significant effect on ac-
curacy, as measured by absolute residuals and MMRE.

In this data set, we found that a minimum of 20
projects is needed as training data, so this is the min-
imum possible window size. For small windows of 20
to 25 projects, using a window has a negative effect
(this supports Kitchenham et al.’s observation that ac-
curacy appeared slightly worse with a window of 30
projects [8]). For large windows of 85 projects or more,
the window has a positive effect, but fewer projects are
affected. The best window size seems to be about 75
projects, which represents about one to two years of
data for this organization.

There is no reason to expect that these specific win-
dow sizes or durations would be found to be important
in other data sets. However, we believe it seems rea-
sonable to expect that using a window would make a
difference to accuracy in other data sets, as long as
there is some variation over time in productivity or in
the impact of productivity drivers — which is almost a
given in the changing world of software development.

If this is true in general, it has implications for prac-
titioners and researchers. For practitioners, it means
that it is better to use a window of recent projects
than to retain all possible training data. The value
of having more data from which to learn is less than
the value of having more recent data. For researchers,
if the research is to seem relevant to practitioners it
is important to consider the sequence of projects, and
the use of time windows as one consideration when se-
lecting relevant projects as training data for building
estimation models.

We have discussed several factors that could influ-
ence whether a window is useful, and what window
sizes might be appropriate. In this single study we have
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shown that windows can help, but we cannot separate
the effect of the different factors. That requires further
work. In the immediate future we plan to investigate
windows based on duration instead of fixed numbers of
projects; and to replicate the work with different data
sets. Although the data set we have analyzed here is
itself a “real world” data set, it is larger amd more het-
erogeneous than most in this research field; we plan to
study data sets that are smaller, more homogeneous,
or involve fewer completed projects per year.
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