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Abstract

Effort prediction is a very important issue for software project management. Historical project data sets are frequently used to support
such prediction. But missing data are often contained in these data sets and this makes prediction more difficult. One common practice is
to ignore the cases with missing data, but this makes the originally small software project database even smaller and can further decrease
the accuracy of prediction. The alternative is missing data imputation. There are many imputation methods. Software data sets are fre-
quently characterised by their small size but unfortunately sophisticated imputation methods prefer larger data sets. For this reason we
explore using simple methods to impute missing data in small project effort data sets. We propose a class mean imputation (CMI) method
based on the k&-NN hot deck imputation method (MINI) to impute both continuous and nominal missing data in small data sets. We use
an incremental approach to increase the variance of population. To evaluate MINI (and k-NN and CMI methods as benchmarks) we use
data sets with 50 cases and 100 cases sampled from a larger industrial data set with 10%, 15%, 20% and 30% missing data percentages
respectively. We also simulate Missing Completely at Random (MCAR) and Missing at Random (MAR) missingness mechanisms. The
results suggest that the MINI method outperforms both CMI and the k~-NN methods. We conclude that this new imputation technique

can be used to impute missing values in small data sets.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

Given that 75% of software projects reported overruns
(Molekken and Jergensen, 2003), there is considerable
demand from industry for accurate software project effort
prediction. Unfortunately, a barrier to accurate effort pre-
diction is incomplete and small (in terms of the number of
cases) software engineering data sets. Therefore, in order to
improve effort prediction, we must first carefully deal with
missing data. Although a wide range of missing data tech-
niques have been proposed, none of them specifically
focuses upon missing values in small data sets with both
nominal and continuous values. For this reason we wish
to develop an imputation method specifically to address
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this problem, that is so typical in software engineering data
sets.

There are three types of missing data techniques. Identi-
fying the proper missing data method from these tech-
niques for incomplete small software data sets is the
precondition of tackling missing software engineering data.
Therefore, in this section, we firstly introduce the taxon-
omy of missing data techniques, present a big picture of
missing data techniques to readers; then briefly summarize
the related work in the software engineering field; and
lastly raise the research issue of this paper.

1.1. Missing data techniques taxonomy

The missing data problem has been studied by research-
ers in many fields for more than 30 years. There are three
approaches to this problem. First, there are missing data
ignoring techniques, e.g. (Haitovsky, 1968; Roth, 1994).
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Second, there are missing data toleration techniques
(Aggarwal and Parthasarathy, 2001; Schuurmans and
Greiner, 1997). Third, there are missing data imputation
techniques which are the emphasis of this paper, e.g.
(Friedman, 1998; Little, 1988; Schafer and Olsen, 1998;
Shirani et al., 2000; Troyanskaya et al., 2001).

The missing data ignoring techniques simply delete the
cases that contain missing data. Because of their simplicity,
they are widely used (Roth, 1994) and tend to be the
default for most statistics packages, but this may not lead
to the most efficient utilization of the data and incurs a bias
in the data unless the values are missing completely at
random. Consequently they should be used only in situa-
tions where the amount of missing values is very small.
This approach has two forms:

o Listwise deletion (LD) is also referred to as case deletion,
casewise deletion or complete case analysis. This method
omits the cases containing missing values. It is easy, fast,
does not ‘invent data’, commonly accepted and is the
default of most statistical packages. The drawback is
that its application may lead to a large loss of observa-
tions, which may result in too small data sets if the frac-
tion of missing values is high and particularly if the
original data set is itself small, as is often the situation
for software project estimation (Myrtveit et al., 2001).

o Pairwise deletion (PD) is also referred to as the available
case method. This method considers each feature sepa-
rately. For each feature, all recorded values in each
observation are considered (Strike et al., 2001) and miss-
ing data are ignored. This means that different calcula-
tions will utilise different cases and will have different
sample sizes, an undesirable effect. The advantage is that
the sample size for each individual analysis is generally
higher than with complete case analysis. It is necessary
when the overall sample size is small or the number of
cases with missing data is large.

The missing data toleration techniques use a probabilistic
approach to handle missing data. They do not predicte
missing data but assign a probability to each of the possible
values. Thus they are internal missing data treatment strat-
egies, which perform analysis directly using the data set
with missing values.

Breiman et al. (1984) proposed the CART algorithm
which may be used to address the missing data problem
in the context of a decision tree classifier. If some cases con-
tain missing values, CART uses the best surrogate split to
assign these cases to branches of a spilt on a feature where
these cases’ values were missing. C4.5 (Quinlan, 1993) is an
alternative method to CART. C4.5 uses a probabilistic
approach to handle missing data. Missing values can be
present in any variables except the class variable. This
method calculates the expected information gain by assum-
ing that the missing value is distributed according to the
observed values in the subset of the data at that node of
the tree. From amongst the simpler methods, it seems to

be one of the better techniques to deal with missing values
(Grzymala-Busse and Hu, 2000).

If the objective is not to predict the missing values, miss-
ing data toleration is a nice choice. This is because any pre-
diction of missing values will incur bias thereby making
prediction results doubtful. However, most data analysis
methods only work with a complete data set, so first we
must fill in missing values or delete the cases with missing
values, and then use the resulting data set to perform sub-
sequent analysis. In this case, toleration techniques cannot
be used. Moreover, in cases where the data set contains
large amounts of missing data, or the mechanism causing
to the missing data is non-random, imputation techniques
are likely to perform better than ignoring techniques
(Haitovsky, 1968).

The missing data imputation techniques estimate missing
values for the missing cases and insert estimates obtained
from other reported values to produce an estimated com-
plete case. The common forms are as follows:

o Mean imputation (MI) is also referred to as uncondi-
tional mean imputation. This method imputes each
missing value with the mean of reported values. It is fast,
simple, easily implemented and no observations are
excluded. The disadvantage is that it leads to underesti-
mation of the population variance. It is also a rather
naive approach.

o Regression imputation (R1) is also referred to as condi-
tional mean imputation. This method replaces each
missing value with a predicted value based on a regres-
sion model. The regression model is built using the com-
plete observations. It tends to perform better than MI,
but still underestimates variance.

o Hot-deck imputation (HDI) methods fill in missing data
by taking values from other observations in the same
data set. The choice of which value to take depends on
the observation containing the missing value. Randomly
choosing observed values from donor cases is the sim-
plest hot-deck method. The similar response pattern
imputation (SRPI) (Joreskog and Sorbom, 1993), which
identifies the most similar case without missing observa-
tions and copies the values of this case to fill in the holes
in the cases with missing data, and the & nearest neigh-
bours (k-NN) imputation (Fix and Hodges, 1952; Cart-
wright et al., 2003; Song et al., 2005; Jonsson and
Wohlin, 2004), which searches for the k most similar
cases to the missing value and replaces the missing value
by the mean or modal value of the corresponding
feature values of the k nearest neighbours all belong to
this class. This approach preserves the sample distribu-
tion by substituting different observed values for each
missing observation, but the data set must be large
enough to find appropriate donor cases.

o Multiple imputation means that the missing data are
imputed m > 1 times, with a different randomly chosen
error term added in each imputation. In this method,
each missing value is replaced by a set of m plausible
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