
Applied Intelligence 11, 259–275 (1999)
c© 1999Kluwer Academic Publishers. Manufactured in The Netherlands.

Imputation of Missing Data in Industrial Databases

KAMAKSHI LAKSHMINARAYAN, STEVEN A. HARP AND TARIQ SAMAD
Honeywell Technology Center, 3660 Technology Drive, Minneapolis, MN 55418

laksh004@tc.umm.edu

sharp@htc.honeywell.com

samad@htc.honeywell.com

Abstract. A limiting factor for the application of IDA methods in many domains is the incompleteness of data
repositories. Many records have fields that are not filled in, especially, when data entry is manual. In addition, a
significant fraction of the entries can be erroneous and there may be no alternative but to discard these records. But
every cell in a database is not an independent datum. Statistical relationships will constrain and, often determine,
missing values.Data imputation, the filling in of missing values for partially missing data, can thus be an invaluable
first step in many IDA projects. New imputation methods that can handle the large-scale problems and large-scale
sparsity of industrial databases are needed. To illustrate the incomplete database problem, we analyze one database
with instrumentation maintenance and test records for an industrial process. Despite regulatory requirements for
process data collection, this database is less than 50% complete. Next, we discuss possible solutions to the missing
data problem. Several approaches to imputation are noted and classified into two categories: data-driven and
model-based. We then describe two machine-learning-based approaches that we have worked with. These build
upon well-known algorithms: AutoClass and C4.5. Several experiments are designed, all using the maintenance
database as a common test-bed but with various data splits and algorithmic variations. Results are generally positive
with up to 80% accuracies of imputation. We conclude the paper by outlining some considerations in selecting
imputation methods, and by discussing applications of data imputation for intelligent data analysis.
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1. Introduction

Like many businesses involved in the manufacture and
service of complex equipment, Honeywell and its cus-
tomers compile and maintain vast amounts of data.
This data is usually incomplete—i.e., many records
have fields that are not filled in. Such omissions often
arise when entries must be done manually. The incom-
pleteness of the data makes the use of common chart-
ing, data visualization and reporting tools difficult.
Analysts interested in using the data for parameter es-
timation or statistical inference are handicapped since
most common data analytic packages either analyze
only complete cases, or handle missing data entries
using idiosyncratic strategies such as case deletion.
Data imputation, or the filling in of missing values
for partially missing data can be used to complete such

incomplete databases, and often forms an invaluable
first step in IDA.

To motivate and illustrate the missing data problem,
we describe a database consisting of instrumentation
maintenance and test records for an industrial process.
Such data is regularly collected for processes such as oil
refineries, chemical factories, pharmaceutical plants,
and pulp and paper mills. Despite regulatory require-
ments for data collection, the database we discuss is
less than 50% complete.

We have experimented with some novel techniques
for data completion using data from the instrumen-
tation maintenance database described above. One of
these techniques uses a decision-tree based supervised
learning method. The other approach is a type of
hot-deck imputation, a common statistical procedure
for completing incomplete databases. We describe our
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experiments and their results, and draw conclusions. In
addition to describing our empirical work, we review
the literature on existing data completion methods.

This paper elaborates our preliminary work on data
completion methods for industrial databases [1].

1.1. Structure of This Paper

The organization of this paper is as follows. The first
section describes the magnitude of the missing data
problem in the type of industrial databases maintained
by Honeywell and its customers. The second section
summarizes existing methods from statistical literature
for dealing with missing data, and talks in detail about
imputation procedures and common reasons for miss-
ing data imputation. The next section introduces the
two techniques we have explored as potential data com-
pletion approaches. The first of these two techniques
involves modeling the data by supervised induction of
a decision tree-based classifier, C4.5 [2]. The classifier
learns the function mapping between the predictor vari-
ables’ values, and the target attribute. This classifier
can then be used to predict the most likely choices for
missing entries of the target variable. The second tech-
nique involves a commonly used statistical imputation
procedure known as hot deck imputation. Here the data
is divided into subsets or clusters, each of which is ho-
mogeneous with respect to values of some designated

Figure 1. Number of variables in each of 5 categories of severity of missing cases (%).

attributes. Missing attribute values for a certain case
or record are filled in by sampling from the cluster to
which that record belongs. The next section presents
and discusses empirical results from the application of
these two procedures for filling in missing data, and
factors affecting the choice of one imputation method
over another. The last section discusses potential ap-
plications of the procedures we are developing.

2. The Missing Data Problem

Honeywell and its customers routinely compile main-
tenance information for plant and building equipment
installed in various locations. Entry in these databases
is carried out by field personnel, and for various rea-
sons is plagued by a high proportion of missing values
in data fields. In addition, the entered data is sometimes
erroneous, or is in a non-standard format and frequently
has spelling errors.

The magnitude of the problem for a typical indus-
trial process maintenance database studied by one of
Honeywell’s business units is shown in Fig. 1. This
database contains maintenance information for control
devices. Values for 82 variables or features are recorded
in this database. Some of these variables are categor-
ical and others are continuous. The variables measure
properties of the devices such as the manufacturer and
model of a device, as well as states of a device at various
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times such as calibration error and pass/fail results of
testing. Of the 4383 records in this database, none
of the records were complete and only 33 variables
out of 82 have more than 50% of the records com-
plete. Other databases dealing with equipment health
maintenance have similar magnitudes of missing data.
This level of incompleteness of these databases seri-
ously limits their usefulness to both analysts and field
personnel.

While some of data fields in the database described
above are empty due to structural zeros (e.g., the field
corresponding to ‘Type of Controller’ for a measur-
ing device such as a voltmeter), a large fraction of the
missing data may be attributed to the economics and
mechanics of data entry. In other words, the magni-
tude of the missing data problem presented above is
typical of databases where data entry is manual rather
than automated. One obvious solution would there-
fore involve the elimination of manual data entry. In
the case of equipment maintenance databases such as
the one described above, a partial elimination of man-
ual data entry could be accomplished by bar-coding of
all equipment or by implanting them with electronic
transponders. However, some important information
such as equipment environment, the person perform-
ing the maintenance of the equipment, results of man-
ual tests performed, the function of the equipment,1

etc. will still have to be manually entered. Further, the
equipment which Honeywell and its customers2 deal
with is commonly located in process intensive areas,
such as petrochemical refineries, and paper and phar-
maceutical manufacturing plants. Equipment installed
in these locations is exposed to high levels of corrosion,
[3, p. 106], and the bar-codes on such equipment will
become rapidly unreadable.

3. Methods for Dealing with Incomplete Data

Incomplete data is an unavoidable problem in dealing
with most of the real world data sources, and vari-
ous methods for dealing with such data have been de-
veloped, particularly in the context of missing data in
sample surveys. Some of these, such as the multiple
imputation methods discussed by Little and Rubin, are
based on statistical principles and pay attention to the
added uncertainty of inferences obtained from incom-
plete data [4]. Others, like complete case analysis, are
idiosyncratic but practical and therefore widely used.
Vach discusses the gap between theory and practise in
dealing with missing values, and ways to bridge that

gap [5]. In this section, we will present a brief overview
of existing methods for dealing with missing data, and
comment on their suitability for the equipment mainte-
nance databases such as that described in the previous
section. These methods have been roughly grouped
following the taxonomy by Little and Rubin [6]:

1. Ignoring and Discarding Incomplete Records and
Attributes. Complete case analysis, or ignoring
records with any missing values, is practical when
the number of incomplete records is very small
compared to the total number of records, and when
analysis of only complete records will not lead to
serious biases in inferences obtained from the data.
Ignoring incomplete records is usually not an option
for industrial databases such as that summarized in
Fig. 1. Discarding attributes with missing entries
during analysis is not a viable solution when we
are interested in making inferences about these at-
tributes. Both complete case and complete variable
analysis are wasteful procedures since they usually
decrease the information content of the data. Other
methods where a missing value is treated as an addi-
tional category for each attribute also causes prob-
lems during analysis [5]. For example, when two
records that have the same field empty are com-
pared for equality it is not always clear whether the
result of comparison for that attribute should be true
or missing.

2. Parameter Estimation in the Presence of Missing
Data.Here a model for the complete data is defined,
assumptions regarding the missing data mechanism
made, and the parameters of the model are estimated
by maximum likelihood or maximum aposteriori
(MAP) procedures. The missing data mechanism is
usually classified as,

• Missing completely at random (MCAR), when
the probability of a record having a missing value
for an attribute does not depend on either the ob-
served data or the missing data. Data which is
missing due to structural reasons cannot be re-
garded as MCAR.

• Missing at random (MAR), when the probability
of a record having a missing value for an attribute
could depend on the observed data, but not on
the value of the missing data itself. Data which
is incomplete only due to structural reasons are
MAR.

• Not missing at random (NMAR), when the prob-
ability of a record having a missing value for
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an attribute could depend on the value of the at-
tribute. Examples include a sensor not detecting
temperatures below a certain threshold, people
not filling in yearly income in surveys if the in-
come exceeds a certain value.

Maximum likelihood procedures that use variants of
the Expectation-Maximization (EM) algorithm [7]
can handle parameter estimation in the presence of
missing data. Markov chain Monte Carlo methods
such as Data Augmentation can estimate posterior
distributions for incomplete data [8].

3. Imputation Procedures.Imputation is the filling in
of missing values for partially missing data. Single
imputation is the filling in of a single value for each
missing observation. It carries with it the disadvan-
tage that imputing a single value does not capture
the sample variability of the imputed value, or the
uncertainty associated with the model used for im-
putation. Multiple imputation procedures suggest
multiple, usually likelihood ordered, choices for
each missing value [9]. They are computationally
more expensive compared to single imputation pro-
cedures, but are not associated with the two draw-
backs mentioned above. Simultaneous imputation
is the filling in of missing values for multiple vari-
ables in a record at the same time. We discuss rea-
sons for data completion in greater detail in the next
section.

The choice between the different approaches listed
above largely depends upon the nature and quantity
of the available data, the intended use/users of the data,
and the extent and the underlying mechanism of the
missing data problem. As mentioned earlier, the first
approach of eliminating incomplete records is feasible
only in situations where these records constitute an ig-
norable percentage of the total data, and no significant
bias is introduced by their elimination. Model based
approaches involving parameter estimation are more
suitable for users who are familiar with the missing
data mechanism and have the necessary expertise and
tools for analyzing the incomplete data. Standard sta-
tistical software either deal only with complete data, or
treat missing variable values in an idiosyncratic man-
ner. For example, filling in the mean or mode of the
observed values seems to be a common practise. Im-
putation methods are therefore suitable for shared data
sets, where all users or analysts may not have the re-
sources for dealing with incomplete data [6, 10].

Imputation of missing data is the focus of this paper.
We concentrate on completion procedures for discrete
valued variables, such asmanufacturer of a device, and
function of device(for instance, sensors, valves, trans-
mitters). We ignore the imputation of missing values for
continuous variables since the equipment maintenance
databases we deal with tend to have complete entries
for them. This is because the measurement of these
variables (such as, the deviation from calibration or the
linearity properties of a given device) is largely auto-
mated and does not require manual data entry by field
personnel. For example, deviation from calibration is
measured by portable calibrators, which are then used
for for re-calibrating the equipment to perform within
acceptable limits.

In the next section we talk about reasons for miss-
ing data imputation in industrial databases, and review
some commonly used techniques for imputation.

4. Imputation of Missing Data

Imputation procedures were first introduced and de-
veloped in the context of non-response in surveys, and
most of the available literature refers to applications in
that domain. (See for example, [9, 11, 12]. The rea-
sons underlying missing value imputation for survey
data had to do with the fact that this data was usually
shared and prone to have many users, most of whom
with access only to methods for analyzing complete
data. Hence, it was desirable to have the data com-
pleted at the source by persons aware of mechanisms
behind the missing data.

In the case of the equipment maintenance databases
we deal with, facilitating the use of complete data meth-
ods on legacy data bases is an important reason for
data completion. These methods include various data
visualization packages, data summarization and report-
ing tools, and modeling tools such as neural nets. For
example, all common visualization packages either dis-
play complete records alone, and this may lead loss of
important information in the data (Fig. 2), or the miss-
ing values are mapped to an arbitrary fixed value on the
display, for example−1 or 9999, leading to distortion
of the scales used in the display.

Notable exceptions to this trend in visualization soft-
ware are the MANET system [13], and, the work by
Swayne which has been implemented in the XGobi
software [14, 15]. The MANET software represents
the missing data as missing, thereby preserving cor-
relations between the occurrence of missing values in
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Figure 2. Scatter plots illustrating loss of information by viewing complete records alone. The right plot uses MANET’s convention for
showing missing values in scatter plots.

one variable and the values of its covariates. This is
shown in Fig. 2. In this figure, the plot on the left shows
cases where both variable 1 and 2 are recorded. The
plot on the right shows cases missing variable 2 below
thex-axis at their variable 1 values and, cases missing
variable 1 near they-axis at their variable 2 values. We
see from this plot that high values in variable 1 are cor-
related with missing values in variable 2 and vice versa.

The XGobi system trivially imputes the missing data,
for example filling in missing values for an attribute
with constant value 20% below its minimum value.
In addition, it displays previously completed data sets
while keeping track of which values were originally
missing and this raises the need for missing data impu-
tation prior to visualization. Unlike visualization tools,
data summarization tools (for example, spread sheets)
can easily work around missing data, and usually report
the frequency and distribution of missing data as part of
the summary. In the context of the Honeywell’s equip-
ment maintenance data, sample summaries of interest
would be:

Voltmeters of modelabcdefrom manufacturerM1
have the lowest average deviation from linearity,
while voltmeters of modelvwxyz from manufac-
turer M2 have the highest.

The catalytic cracker unit of the plant reports the
highest number of failures for temperature sensors,
and the sulfur unit temperature sensors have the low-
est number of failures this month. The failure infor-
mation for the alkylation unit has not been recorded.

However, the main purpose of producing reports is to
capture the information in the data. If the existing
information in covariates can be used to reliably fill
in missing data, the summaries generated can be more
complete and hence more useful.

A second important reason for imputing missing val-
ues is to facilitate parameter estimation and inference
from incomplete data. For example, we may wish to
test the hypothesis that the mean failure rate of flow me-
ters from manufacturer A is significantly different from
the mean failure rate of flow meters from other manu-
facturers. If the manufacturer is not always recorded,
we may be able to use information from other covari-
ates such as model numbers to fill in the missing val-
ues with measurable uncertainty. Parameter estimation
in the presence of missing data can be done by using
complete data methodsafterfilling in missing values. A
second approach is to use algorithms which fill in miss-
ing information and perform parameter estimation such
as the Expectation-Maximization algorithm and we
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discuss these algorithms elsewhere in the paper. Other
than facilitating the use of complete data methods and
parameter estimation, data imputation methods address
the need for mandatory record completion required (by
regulatory agencies) of certain Honeywell customer in-
dustries, such as those dealing with the manufacture of
pharmaceuticals and petrochemicals. Other applica-
tions of data completion methods are discussed later in
the paper.

4.1. A Framework for Imputation Procedures

Traditional data completion procedures can be broadly
divided into those that are model based, and those based
on quasi-randomization inference, [6, 16]. Model
based procedures assume that the population quantities
of interest are outcomes of random variables, indexed
by unknown population parameters. This model can
then be used for making inferences about population
characteristics from the observed data using maximum
likelihood or Bayesian approaches. In the case of in-
complete data, the missing data mechanism—whether
ignorable, missing at random, missing completely at
random, or not missing at random—interacts with the
statistical model for the population. Therefore, esti-
mates of model parameters and imputed values for
missing data will have to take this into account. Quasi-
randomization procedures (or data driven procedures)
on the other hand, assume that the population values are
fixed, i.e., they are not governed by unknown param-
eters, and therefore, are not the outcomes of random
variables. Further, the distribution determining sam-
ple selection is taken as known and whether a sampled
unit responds or not is modeled as an outcome of a re-
sponse random variable with an assumed distribution.
We next summarize various available imputation pro-
cedures and comment on their important features [6].
contains an analytic discussion of these procedures.

1. Imputation procedures based on quasi-rando-
mization modes of inference.

(a) Mean Imputation.In this method, the missing
value for a given attribute in a record is filled
in with the mean of all the reported values for
that attribute. If the filled in mean is not con-
ditioned on the values of other variables in the
record, this procedure is referred to as imputing
unconditional means. It carries with it the dis-
advantage that the variance of the imputed vari-
able and its covariance with other variables are

systematically underestimated. Imputing con-
ditional means was introduced by Buck [17].
This method imputes a mean which depends on
the values of the recorded variables for the in-
complete record. For categorical variables, an
alternative to mean imputation is imputation of
the mode (the most frequently observed) value
for missing values.

(b) Hot Deck Imputation.Here a missing attribute
value for a record is filled in with a value from
an estimated distribution for the missing value
from the current data sample. The main idea
behind hot-deck is that for every case for which
a variable value is missing, we fill in a value
from anothersimilar case for which that vari-
able value is available.

Hot-deck imputation is typically implemen-
ted as a two-stage process. The first stage is
the classification stage where the data is di-
vided into disjoint, homogeneous clusters. In
the second stage, for each incomplete case, the
complete cases in its cluster or class are used
for filling in missing values. One way of doing
this is to choose the most frequently occurring
value for that variable within the cluster. Divi-
sion of data into homogeneous clusters can be
done using prior knowledge as is typically done
in sample surveys. For example, if one is try-
ing to fill in missing values for reported income,
one can divide up the data into clusters based
on occupation if that information is available.
One of the data completion methods described
later in this paper is a hot-deck procedure which
uses an automated clustering algorithm to find
homogeneous clusters in the data.

(c) Cold Deck Imputation.Similar to hot deck im-
putation, a cold deck imputation is the filling
in of a missing value for a given attribute from
a sourceother thanthan the current data sam-
ple. For example, values based on previous data
samples could be used in a cold deck procedure.

(d) Substitution.This method is typically used in
sample surveys where one unit (case or record)
does not respond to the questionnaire. In this
situation, this case is replaced by another which
was originally excluded from the sample. This
method is not applicable in the case of the in-
dustrial databases we are dealing with.

2. Model based approaches. As mentioned above these
approaches regard the data to be generated by a
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model governed by unknown parameters. The pro-
cess which generates the missing data interacts with
the model likelihood function. For the purposes of
this paper we regard the missing data mechanism
to be ignorable, i.e., the missing data are missing
at random or MAR as defined earlier,and, the data
model parameters and the parameters of the miss-
ing data mechanism are distributed independently
of each other [18]. More complicated interactions
between the data generating process and the data
censoring mechanism are discussed in [6].

(a) Regression and Stochastic Regression Imputa-
tion. In regression imputationthe missing val-
ues are predicted by a regression of the unob-
served variable values against observed ones for
that record or case. Instochastic regression im-
putationa noise term is added to the imputed
value. When missing values are not confined
to one or two variables, we will need mul-
tiple regression equations for each predicted
variable, depending on which attributes are ob-
served. This may be well worth the effort by the
data collector if the data set is to be shared by
multiple users. Machine learning methods such
as CART, (Classification & Regression Trees
[19], can handle input vectors or cases where
the same attributes may not be observed for
each case. CART is closely allied to condi-
tional mean imputation which in turn can be
considered a special case of regression imputa-
tion, and the regression tree produced by CART
is really a set of regression equations for each
predicted (imputed) variable.

The particular regression model chosen for
imputation will depend on the type of vari-
able being predicted. For example, missing val-
ues for continuous variables can be predicted
using linear or polynomial regression models,
whereas binary variable values can be predicted
using logistic regression. In the case of cat-
egorical data, one can fit log-linear models to
contingency tables and predict likelihood or-
dered choices for the missing value from com-
plete cases. In the industrial databases discussed
in this paper, the numbers of variables are
large, and some variable subset selection proce-
dure is necessary to produce contingency tables
with reasonable cell counts. Also, even though
the variable values being imputed are categori-
cal, the databases contain both categorical and

continuous variables. In such situations more
computationally intense procedures such as the
EM algorithm become necessary and this is dis-
cussed below.

(b) Likelihood Based Approaches.The Expecta-
tion-Maximization (EM) algorithm can be used
for filling in missing categorical variable values,
when the data set is composed of both categor-
ical and continuous valued variables. The E
step provides the conditional (on the observed
data and current parameter values), expecta-
tion of functions of the missing data which ap-
pears in the complete data log-likelihood func-
tion. The M step performs maximum likeli-
hood estimation of parameters as if there were
no missing data. The whole process is repeated
as in the case of parameter estimation by like-
lihood maximization in the absence of miss-
ing data. The EM algorithm provides maxi-
mum likelihood estimates ofp(Y = c | X1 =

x1, . . . , Xk = xk), the conditional probability
of categorical variableY taking on the value
c, given the various values of its covariates,
X1, . . . , Xk. These estimates help us achieve
likelihood ordered choices for each missing
value ofY for various outcomes of its covari-
ates. When the available complete data is small,
a strict likelihood based approach may be in-
appropriate. In such cases, if one has accurate
prior knowledge about the data (for example,
knowledge of the causal relationships among
variables), a Bayesian approach will produce
better results than a likelihood based method.

4.2. Machine Learning Methods for Missing
Data Imputation

The previous section reviewed traditional data com-
pletion procedures in common use by statisticians and
data analysts. This section will describe missing data
imputation using two machine learning (ML) systems:
Autoclass and C4.5. Autoclass is a clustering method
used for uncovering intrinsic structure in the data, while
C4.5 is a program for learning decision tree classifiers
from a set of examples. The rest of this section will
describe these two ML tools, discuss how they can be
used for data completion, and attempt to place them in
the framework presented above.

4.2.1. Autoclass. The first algorithm we explored as a
possible data completion tool was Autoclass, a program
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developed by Cheeseman et al. to automatically dis-
cover clusters in data [20, 21]. It is based on Bayesian
classification theory and belongs to the general family
of unsupervised learning or clustering algorithms [22].
The choice of Autoclass as a data completion tool was
motivated by the fact it could be used to predict dif-
ferent attributes after a single learning session. This
makes its use economical in terms of time, and is in
direct contrast to supervised learning methods which
need to be trained separately for each attribute to be
predicted. One interesting feature of Autoclass is that
it automatically searches for classes, and has limits pre-
venting data over-fitting, since it trades predictive ac-
curacy versus complexity of classes.

The input to Autoclass is separate files containing the
training and test data and a file containing a descrip-
tion of the various fields/features in the data set. This
description specifies the distribution of each feature:
whether it is continuous or discrete valued and which
fields contain missing values. The version of Autoclass
that we have used models each continuous variable as
being normally distributed, and each discrete variable
as having an underlying multinomial distribution. The
task of Autoclass is to divide the data set into num-
ber of classes, and determine probability distributions
for each feature given each class. In order to avoid
“over fitting” (in the extreme, assigning each case to
its own class), a penalty is assessed for the complexity
of the classification. The trade-off between predic-
tion and complexity is accomplished by the fact that
each parameter in the model brings its own multiplica-
tive Bayesian prior to the model, thereby lowering the
marginal likelihood of the model.

The output of Autoclass consists of the following:

• The Optimal Classification for the Training Data.
Autoclass can automatically choose the number of
classes or it can use a number suggested by the ex-
perimenter.

• A Conditional Probability Distribution of Features
Given Classes.For discrete attributes, the descrip-
tion will specify the conditional probability of each
feature value, given each class. In other words, for
each classc and featuref , P( f (x) | class(x) = c).
For continuous attributes, the conditional probabil-
ity distribution will be specified by giving the mean
and variance of a Gaussian random variable. Auto-
class models missing values for attributes as another
discrete value, ‘failure to observe’. In the case of dis-
crete valued attributes, this would mean that there is
yet another possible value which could be observed,

namely ‘failure to observe’. In the case of indepen-
dent continuous valued attributes, the value observed
could be ‘failure to observe’ with a probabilityp,
(determined from the data), and a real number with
probability(1 − p).

• A Ranking of the Variables According to Importance
in Generating the Classification.This gives a rough
heuristic measure of the “influence” of each attribute
used in the classification.

• A Probabilistic Assignment of Each Case in the
Training and Test Data Set to its Class.That is, for
each case,x, and class,c, P(class(x) = c).

Autoclass does not make point estimates for values
of variables or features for the data in a test set. Rather,
for each casex, Autoclass provides a probability distri-
bution over the set of classesC: P(class(x) = C). We
may use the conditional probability of features given
classes to infer the most likely value or values of miss-
ing values of attributes of a case, given its class mem-
bership. To illustrate, let us assume that Autoclass after
learning on the training set, classifies a test casex, as
belonging toC1 with probability 0.8, andC2 with a
probability of 0.2, based on the non-missing attribute
values ofx. If the value of a discrete attributea is
missing for this case, we could pick the most probable
value ofa in C1 for the training cases, as the predicted
value of attributea for x. Or, we could pick then
most frequent values of attributea in C1 for the train-
ing cases, as potential candidates for prediction, and
in the context of our work, multiple imputation. Since
class membership is probabilistic we chose the most
likely class of each test case to predict its missing val-
ues. An alternative approach would be to predict a
distribution over the value space for missing attributes,
where the distribution is determined by the case’s prob-
abilistic membership in various classes. In the case of
a continuous attribute, we could use the mean of the
distribution for the class as our prediction. The ap-
plication involved in this paper involves prediction of
missing values for discrete attributes only.

Autoclass regards the data as arising from a mix-
ture model and can therefore be considered a model
based procedure when used for data completion. How-
ever, the overall strategy used for imputation, namely,
dividing the data into homogeneous classes or clus-
ters and sampling within the relevant cluster to fill in
missing values, is reminiscent of hot-deck imputation
procedures. Hence, one can consider the imputation
we do with Autoclass as being both model-based and
randomization based.
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4.2.2. C4.5. The second machine learning approach
to data completion we explored was C4.5, a supervised
learning algorithm for decision tree induction devel-
oped by Quinlan [2]. C4.5 uses an information-based
measure, usually gain ratio, as a splitting criterion in in-
ducing its decision trees. A splitting criterion is a test,
usually about the input attribute’s value, which par-
titions the cases into disjoint sets. More details about
C4.5’s methodology for constructing decision trees can
be found in [2]. C4.5 takes as input files containing
training (pre-classified) and test cases, and a descrip-
tion of various attributes. Unlike Autoclass, C4.5 can
be directly used to predict missing attribute values.
This is done by using values of the target attribute (for
discrete-valued attributes) which is to be predicted for
test cases, as the classes used for training. The train-
ing data should therefore have the target attribute value
specified. The C4.5 algorithm uses the impurity at
each terminal node to determine the class distribution
for each input. For example, ifx of N cases are as-
signed to a particular terminal node during training or
learning, and if a test case is assigned to the same node,
the predicted class distribution for the test case is the
actual distribution for thex training cases. We exploit
this distribution for multiple imputation by choosing
thek most frequent values for the test case target vari-
able from the among thex training cases. C4.5 does not
naturally handle continuous variables as target classes.
The common way to get around this is to use intervals
on the real line as classes for continuous variables. One
disadvantage with C4.5 compared to Autoclass, is that
each candidate attribute for prediction needs a separate
training session.

C4.5 uses a probabilistic approach to handle missing
values (these are not the variables designated as target
classes) in the training and test data. Any case from the
training set is assigned a weightwi of having outcome
Oi for the value of a particular attribute. If the outcome
is known and has valueOi , thenwi = 1, and, all other
outcomes are assigned a weight 0 for this case. If the
outcome is missing, then the weight of any outcome
O j for that attribute is the relative frequency of that
outcome, among all training cases whose outcomes for
this attribute are known. The approach used for the test
data is similar. Of course, the target variable/attribute
cannot be missing in the case of training data.

C4.5 makes no assumptions regarding the parame-
ters generating the data and hence is not a model-based
procedure. It is used for data completion by treating
missing value imputation of discrete valued attributes
as a classification task. Other decision tree based

algorithms such as CART can be considered as model
based methods when used for filling in the missing val-
ues of continuous valued attributes. This was discussed
earlier in the context of regression imputation.

5. Experiments and Results

We conducted several experiments with Autoclass and
C4.5 to determine how well they predicted missing val-
ues in our experimental data set. For the purpose of the
experiments described in this paper, we assumed that
data was missing at random, and that the missing data
mechanism was ignorable. We also assumed that there
was no particular pattern missing, i.e., there was no
dependence between the occurrence of missing values
for different variables.

Data Used.A subset consisting of 2117 records from
the database described in Fig. 1 was used for experi-
mentation. Fourteen attribute fields identified by the
domain expert as the most interesting were chosen for
the initial analysis. We will refer to this subset of 2117
records as data set A. The target feature chosen for
prediction in the first round of experiments was the
manufacturer of the device. There were a total of 52
manufacturers represented in the database, of which 30
were represented more than once. Of the 2117 records,
only 257 (subset B) had the value for the manufacturer
specified, the remaining records had this value missing.
Of the 257 records with the manufacturer specified, in
22 cases, the manufacturer was a singleton: there was
only one record with that manufacturer in the entire
data set. Accordingly, we removed those records from
B to get a data set (subset C) of 235 records. Table 1
summarizes the details of the data chosen for the ex-
periments.

Experiment 1. C4.5 was used to learn and predict
values for the target variable, manufacturer, on the sub-
set C. Since C4.5 is a supervised classifier it could
not be trained on cases where the manufacturer value
was missing. A ten-way cross-validation was done to
evaluate the accuracy of prediction. In other words,
the set C was partitioned randomly into ten subsets of

Table 1. Subsets of data used in experiments.

Subset Records ML technique used

A 2117 Autoclass

B 257 —

C 235 Autoclass, C4.5
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similar size. Nine of these were used as the training
set, and the induced tree was used for predicting on the
tenth subset (test set). This process was repeated until
all ten subsets were used as test sets. The top choice of
the value for the manufacturer variable as well as the
top three choices were predicted. In other words, we
carried out both single and multiple imputation tasks.
The average error over all the test sets was for the single
imputation task was 22.6%. For the multiple imputa-
tion task, average error over all test sets was 17.4%.

Experiment 2. A 10-way cross-validation similar to
that with C4.5 in Experiment 1 was done for Autoclass
with subset C. The manufacturer (both the top choice
and the top three choices) was predicted for cases in
the test set using the approach described in the previous
section. The average error on all the test cases in the
single choice prediction framework was 51.1%. For
the multiple choice prediction task, the average error
over all the test sets was 23.5%.

Experiment 3. Autoclass is an unsupervised learn-
ing algorithm. Therefore, no target variables need to
be specified prior to learning. Further, we have seen
that Autoclass can handle missing data during cluster-
ing. Hence data where the manufacturer variable value
is missing, e.g., the subset (A–C) in Table 1, can be
used as part of the training data. The intuition behind
adding this subset to the training data is that this subset
could contain information about the target variable in
the observed values of other variables. Any clustering
where this data is included could therefore be more in-
formative about the distribution of the target variable
values.

Experiment 3 tests the intuition described above. It
is similar to Experiment 2 above in all details, except
that the data set (A–C) is added to each training set.
Prediction is made on the same subsets as in Experi-
ment 2. The average error on test cases for the single
choice prediction task was 41.7%. For the multiple
choice prediction task the average error on all the test
cases was 17.2%.

Thet-test was used to compare the means of the 10-
way cross validation results for single prediction and
multiple prediction in this experiment and in Experi-
ment 2 above. The results for the single target predic-
tion task were significantly different (at the 2.5% level).
The results for the multiple target prediction were only
significant at the 10% level. The above results suggest

that even in cases where the manufacturer variable was
missing there was structural information in the data,
which lead to better prediction for missing values.

Experiment 4. Autoclass was used to cluster the
2117 records in data set A.The manufacturer vari-
able was not used as part of the input feature space.
Autoclass uses the log posterior probability value for
a classification to rank alternate models. The best
classification produced by Autoclass had 10 classes.
When the classification was compared to distribution of
manufacturers for the data points in C, it was found that
each manufacturer tended to cluster in a few classes.
This is illustrated in Fig. 4.

In order to evaluate this clustering the 10-way cross-
validation task on the 2117 records as in Experiment 3
was done. However, the manufacturer variable was
left out during clustering unlike in Experiment3. As a
benchmark for performance on this task, a prediction
based only on the relative frequency of the manufac-
turer in the data was made. The top three choices for the
manufacturer of each case in C were picked using Au-
toclass results and directly by relative frequency from
the data itself. If the manufacturer for a given data
point in C, was one of the top three choices, a hit was
scored for that method of prediction. Autoclass scored
a hit 82.12% (error rate 17.88%) of the time, while pre-
diction from relative frequency in the data scored a hit
50% of the time. If only the top choice instead of the
top three was considered, then, Autoclass scored a hit
53.6% (error rate 46.4%) of the time, while prediction
from relative frequency in the data scored a hit 32%
(error rate 68%) of the time.

Combining Autoclass and C4.5. One way to com-
bine unsupervised and supervised learning methods is
to use the former for feature extraction, and use the
extracted features as input to the supervised classifier.
Autoclass as mentioned earlier assigns to each case a
probabilistic classification. We used Autoclass to clas-
sify all the 2117 data points (subset A) after leaving
out the manufacturer variable in the database. The best
classification produced by Autoclass had ten classes.
The class of each data point in C was given as input
to C4.5, along with the usual information as in ex-
periment 1 above. The results (error rate= 20.1%)
indicate no statistically significant difference, between
using the Autoclass class as an input feature, versus
not using it as an input feature. (Thet-test was used
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to compare the means of the 10-way cross validation
results for single target prediction in this task and in
Experiment 1.) Autoclass ranks the input variables ac-
cording to their contribution to the classification. When
the two most highly ranked variables were removed
from the input feature space of C4.5, and the same 10-
way cross-validation was done the average error rate
(21.3%) was again found to be not significantly differ-
ent from Experiment 1. This suggests that Autoclass
may be used for feature extraction prior to using a de-
cision tree based algorithm to decrease the input feature
space for the latter. One interesting effect is that when
the Autoclass class of each data point is given as input
to C4.5, all the ‘best’ trees grown have the Autoclass
class as the root node.

Other results with Autoclass. In addition to a clas-
sification, there are interesting results from Autoclass.
One such result is depicted in Fig. 3. Records belong-
ing to (Auto)class or cluster 7, have a higher linear-
ity error, (deviation from linearity is an input feature,
and high deviations from linearity are undesirable for
the devices in this database), as compared to records
in other classes. Note that manufacturers (see Fig. 4)
are not distributed uniformly across the classes. We
now have an interesting exploratory lead: namely, we
would like to test the hypothesis that the devices from
manufacturers who fall into cluster 7, could have a
significantly different linearity error compared to man-
ufacturers not in that cluster.

Figure 3. Distribution of linearity error against classes.

6. Discussion

6.1. Conclusions From Experimental Results

The experimental results are summarized in Figs. 5,
and 6 and in Table 2. These results describe the im-
putation of the ‘Manufacturer’ of the device as a target
variable. Other experiments using ‘Function’, (for ex-
ample, flow meter, pressure transducer, etc.) ‘Housing
Material’, (this refers to the metal casing a device is
placed within for protection against corrosive environ-
ments; examples are steel, cast iron, etc.) as target
variables produced similar results.

The results shown in Fig. 5 indicate that for the sin-
gle imputation task, the supervised learning algorithm,
C4.5 performed better than Autoclass, which in turn
performed better than the benchmark. For the multi-
ple imputation tasks, (Fig. 6) C4.5 and Autoclass per-
formed comparably well, and were both more accurate
than the benchmark. The results also indicate that Au-
toclass uncovers useful, un-anticipated information in
the data, (Fig. 3) and that it can be used as a feature
extractor or pre-processor of data for other algorithms.
One important advantage of Autoclass over C4.5 is
that it can be readily used for simultaneous imputation
of multiple target variables after a single training ses-
sion. Decision tree algorithms have to be re-learned for
each target variable. However, their high accuracy may
make this a worthwhile task when single imputation is
being done.

The procedure described in Experiment 4 illustrates
how Autoclass can be used for hot deck imputation.
Specifically, that experiment is an example of nearest-
neighbor hot-deck imputation. Experiments 2 and 3 on
the other hand do not fall under the hot-deck category
since they use the imputed variable during classifica-
tion. Most hot deck techniques distinguish between
the variables used for classification and those imputed.
Keeping these two sets of variables separate is a good
idea, especially with an unsupervised classification al-
gorithm since there is the danger of the imputed vari-
able being used to define the clusters or classes. These
classes would then not be very useful for classifying
incomplete records. The imputed variable should how-
ever correlate highly with the classification variables.

6.2. Why Multiple Imputation?

The experiments described above treat data completion
as a prediction problem, and the performance metric
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Table 2. Comparison of results across experiments.

Test error %
Expt
number Data Method Single choice Multiple choice Comments

1 C C4.5 22.6 17.4

2 C AC 51.1 23.5

3 A AC 41.7 17.2 Improvement over Expt 2.

4 A AC 46.4 17.88 Manuf. var. not used in training.

Benchmark C Mode 68 50 Rel. freq in data.

Figure 4. Each manufacturer is clustered in a few classes. The length of the boxes indicate relative proportion of each manufacturer in various
clusters/classes.

used is accuracy in predicting missing values. How-
ever, the goals of missing data imputation usually ex-
tend beyond accurate record completion to further data
analysis followed by statistical inference and parame-
ter estimation from the completed records. In the in-
dustrial databases we are dealing with, one may for

instance be interested in estimating the mean ‘linearity
error’ for each manufacturer, or, we may be interested
in predicting the ‘Pass/Fail’ results of each device as
a function of its ‘maintenance frequency’ or ‘location
in the plant’. The performance of an imputation pro-
cedure therefore depends on how well it captures the
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Figure 5. Summary of results from single imputation experiments.

actual distribution of the data, and the extent to which
it preserves the existing uncertainty in the data. In
this context, multiple imputation has an advantage over
single imputation since it preserves the the uncertainty
due to missing data. The statistical inferences obtained
from combining results from multiply imputed data
sets are therefore less biased than those obtained after
a single imputation. Following Rubin and Schafer, the
efficiencyof a scalar estimator based onm≥ 1 impu-
tations relative to one based on an infinite number of
imputations can be defined as,

(

1 +
γ

m

)−1
. (1)

γ is the percentage of missing information relevant to
that estimator [9, 18].3 The maximum possible ef-
ficiency is therefore 100% and this occurs when no

relevant information is missing or when there is an
infinite number of imputations. Assuming that 50%
of the relevant information in the data is missing, the
efficiency of an estimator based on a singly imputed
data set is 66.6%. If the estimator is based on data sets
generated by 3 or 5 imputations the efficiency climbs
to 85.7% and 90.9% respectively. Hence, even a small
number of multiple imputations can increase the effi-
ciency of an estimator based on imputed data.

6.3. Choosing the Appropriate Imputation Methods

Any technique used for repairing an incomplete
database will be influenced by the type of data involved.
The equipment maintenance databases we examined
are characterized by the presence of both categorical
and continuous variates, and, therefore, any technique



272 Lakshminarayan et al.

Figure 6. Summary of results from multiple imputation experiments.

for completing these databases should handle mixed
data types. This hampers techniques which rely mainly
on continuous distance metrics such as regression im-
putation. One can get around this problem and still
attempt regression imputation by replacing each cat-
egorical variable by a set of dummy variables which
number one less than the number of categories. If a
categorical variable value is to be imputed, then, the re-
gression equation would provide estimates of the prob-
abilities falling into the categories represented by the
dummy variables. However, we run into the danger of
the regression equation predicting values outside the
(0, 1) range for the probability estimates, and this lim-
its the usefulness of this approach.

Many databases have high dimensionality and the
covariates of a given variable have information relevant

for imputation of its missing values. Certain techniques
such as imputation of unconditional means (or mode
values for categorical variables), do not take covariate
information into account, and this could lead to incor-
rect choices for missing values. Figure 7 illustrates this
kind of error which is referred to as internal inconsis-
tency by Ford [12].

Model based procedures such as the EM algorithm
can handle both categorical and continuous data types.
They are usually reliable though prone to local minima
and slow convergence when the proportion of miss-
ing data is as high as shown in Fig. 1. Hence, they
may not be able to handle the large-scale sparsity typ-
ical of industrial databases. Model based imputation
procedures make certain assumptions about the data
which may or may not be reasonable when applied
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Figure 7. Internal inconsistency in record completion. We would impute the value D for variable 4 in record 9 if side information from
covariates were ignored, and the mode value for that variable was used for imputation.

to the databases commonly used for data mining. For
example, a common assumption is that the observations
(cases or records) are independent and identically dis-
tributed. This is a reasonable assumption in the case
of survey data which is usually collected by careful
experimental design. Honeywell’s equipment mainte-
nance data bases, however, are legacy systems col-
lected for purposes other than statistical analyses, and
are therefore quite unlike survey data. Nevertheless,
one may accomplish imputation of acceptable accuracy
even in the presence of strong modeling assumptions,
and we have demonstrated this in the case of multiple
imputation with Autoclass.

Machine learning methods such as CART, C4.5 and
Autoclass (among others) handle mixed data naturally
and are well suited for record completion for databases
such as those shown in Fig. 1. These techniques take
side information from covariates into account during
record completion, are capable of multiple imputation,
and are computationally fast. Some of them such as
C4.5 do not make strong distributional assumptions
about the data, whereas others, such as CART and
Autoclass, do. Cobweb/3 [23], a program for concep-
tual clustering is another machine learning program
which appears to be well-suited for filling in missing
values.

Our future plans include a comparative evaluation of
model based imputation procedures for mixed data, us-
ing the data and experimental framework described in
this paper. The exact algorithms we are considering are

the EM and Data Augmentation methods as described
in [18]. Readers interested in software for these algo-
rithms are referred to http://www.stat.psu.edu/j̃ls/.

7. Applications

There are several interesting applications for the pro-
cedures we are developing. One application would be
a smart data entry system which would directly assist
the field personnel gathering data by offering likely op-
tions at data entry time. For example, a user entering
information about a particular device could be offered
a list of manufacturers to choose from. The choices
would be ordered by the likelihood of manufacturers
given the already entered information. Such a system
would reduce the incidence of missing and erroneous
entries in the databases and also decrease the cost of
data entry. This application is one situation where high
multiple imputation accuracy is desirable.

A second application of missing value completion is
to render existing databases more useful to analysts.
This would allow the generation of more compre-
hensive summaries and charts (under the completion
assumptions) using their regular tools. Most of the
research in missing data imputation has been moti-
vated by the need to allow sharing of large incomplete
databases among multiple users who are interested in
applying complete data methods to the data. See, for
example, [10] for a discussion of this issue.
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Data cleaning, the detection and rectification of
errors, offers a third application. Filled-in-fields of
records can be compared to the best guesses of the
completion procedure. Outliers can then be examined
by human analysts or other software.

8. Summary

Mining industrial databases is often hampered by miss-
ing and erroneous data entries. This paper discusses
reasons for completing incomplete databases and sum-
marizes well-known statistical approaches for missing
data imputation. Novel techniques for data completion
based on ML algorithms are presented and empirically
evaluated in this paper. One of these techniques is a
supervised learning algorithm while the other is an un-
supervised clustering strategy. Experiments presented
in this paper illustrate how the latter could be used for
hot-deck imputation which is a well-known statistical
approach for record completion. The paper also enu-
merates factors which may influence the choice of one
data completion procedure over another, and concludes
by discussing potential applications of such data impu-
tation techniques.
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Notes

1. The same equipment can be configured by the user to perform
different functions. For example, a pressure transmitter can be
used to measure flow.

2. Honeywell produces a wide variety of control as well as measure-
ment devices.

3. Intuitively, one can think of the efficiency of an estimator for a
parameter as the extent to which it captures all the information
about that parameter present in the data.
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